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The purpose of this research is to discover the extent to which there is a typology of 
students’ health risk behaviors and to what extent are those typologies associated with academic 
achievement using the 2019 national Youth Risk Behavior Survey (YRBS) dataset. This is a 
secondary data analysis study using a national representative sample (n=11,410) of high school 
students, grades 9 to 12, in the United States. YRBS is a national school-based, paper-based 99-
item survey used to assess 121 health-related behaviors among all high school students in the 
United States and is biennially conducted by the Centers for Disease Control and Prevention 
(CDC, 2020). While research efforts on health and academic achievement is vastly growing, 
there is a limited number of studies that are analyzing multiple health-risk behaviors 
concurrently as well as exploring their potential impacts on educational outcomes. Furthermore, 
previous studies have utilized cluster and/ or factor analyses. However, this statistical approach 
will show how students are clustered into groups and does not provide information such as the 
probability that a given student is bullied or suicidal. A 3-step Latent Class Analysis (LCA) was 
conducted to identify and understand the various profiles of students who experienced and/ or 
were exposed to certain health-risk behaviors. The health-risk behaviors of interest, the latent 
variables, were school-related violence, physical activity, screen time, and sleep. Using LCA, 
results show that there are four significantly different typologies, or profiles, of student health-
risk behaviors: Level 1 The Most Support Needed (TMSN), Level 2 Suicide Prevention Needed 
(SPN), Level 3 Coping Mechanism for Bullying Needed (CMBN), Level 4 Least Support 
Needed (LSN). In tandem, contextual factors such as age, sex, grade level, race and ethnicity 
were significantly associated with the odds of belonging to some of the groups. This study is 
connected to longer-term work. Implications of these groupings on school policies, student 
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Background of Problem 
 
There has been recent interest in the association and causal role of health-risk behaviors 
and academic achievement among adolescents. In general, past research has considered these 
various potential health barriers to learning individually.  The main scientific premise upon this 
study is based is that rather than consider these health barriers to learning individually, there is a 
need to consider how groups of health-risk behaviors may cluster among subgroups of students 
and how these clusters influence students’ academic performance.   
Health-risk behaviors and health-related problems play a significant role among the lives 
of young people, especially those of urban minority youth (Basch, 2011). Few adolescents meet 
all recommended guidelines for a healthy lifestyle. A healthy lifestyle may consist of, but not 
limited to, doing regular physical activity, avoiding toxic habits such as alcohol consumption and 
smoking, eating vegetables and fruits regularly, low sugar and sodium intake, and having a 
regular waking and sleep routine. An unhealthy lifestyle is associated with an increase in obesity, 
cardiovascular diseases, and increased risk of diabetes, cancers, and disabilities (Etilé, 2007; 
Rosi et al., 2019; Winter et al., 2016). For many, these health-risk behaviors, such as sedentary 
behavior, substance use, and poor dietary habits, develop and/or increase during adolescence. 
These health-related issues and health-risk behaviors have long-term effects, which may increase 
the occurrence of disease and mortality in older age (Djousse et al., 2009; Mitchell et al., 2012; 
Monshouwer et al., 2012; Ortega et al., 2013; Pearson et al., 2009; Winter et al., 2016).  
Thus, having an unhealthy lifestyle is known to affect children’s physical health, social 




2015) Health-related issues and health-risk behaviors are also one of the many factors that 
impact student academic achievement and academic performance. (Hahn and Truman, 2015) 
Health-related problems and health-risk behaviors, which includes, but not limited to, vision 
impairment, asthma, teen pregnancy, aggression and violence, physical inactivity, little to no 
breakfast consumption, and inattention and hyperactivity have been shown to have an effect on 
student learning (Basch, 2011). Among high school students in the United States, healthy eating 
and physical activity were associated with higher self-reported letter grades, whereas sedentary, 
substance-use, sexual risk, violence-related, and suicide-related behaviors were associated with 
lower self-reported grades (Bradley & Greene, 2013; Busch et al., 2014; Michael et al., 2015; 
Rasberry et al., 2011; Rasberry et al., 2017).  
In the 2015 and 2017 Mortality and Morbidity Weekly Reports (MMWR), the CDC 
investigated relationships between academic achievement (e.g., self-reported letter grades in 
school) and 30 health-related behaviors that contribute to leading causes of morbidity and 
mortality among adolescents in the United States (e.g.., dietary behaviors, physical activity, 
sedentary behaviors, substance use, sexual risk behaviors, violence-related behaviors, and 
suicide-related behaviors) (Kann et al., 2018; Rasberry et al., 2017). Analyses of the 2015 and 
2017 national Youth Risk Behavior Surveillance (YRBS) data, while controlling for sex, 
race/ethnicity, and grade in school, revealed that high school students who received mostly A’s, 
mostly B’s or mostly C’s had significantly higher prevalence estimates for most protective 
health-related behaviors and significantly lower prevalence estimates for most health-related risk 
behaviors compared with students with mostly D’s/F’s. It is important to note that each health-




Several studies have shown associations between various health-risk behaviors and 
educational outcomes such as letter grades, test scores, or other measures of academic 
achievement (Bradley & Greene, 2013; Busch et al., 2014; Michael et al., 2015; Rasberry et al., 
2011; Rasberry et al., 2017). This research has also primarily examined the individual health 
factors. These include but are not limited to: violence (e.g., seat belt use, head protective devices 
use, bicycling, automobile driving, safety, crime victims, wounds via stab, gunshots, suicide, 
bullying, dating violence, and other injuries), tobacco use (e.g., cigarette use and smokeless 
tobacco use), alcohol and other drug use (e.g., alcohol drinking, alcoholic intoxication, 
marijuana abuse, marijuana smoking, and substance-related disorders), inadequate physical 
activity (e.g., physical fitness, physical education, and sedentary activity via internet use, 
television use, videogames use), sexual behaviors contributing to unintended pregnancy and 
sexually transmitted diseases (e.g., condom use, unsafe sex, safe sex, and contraception), and 
unhealthy dietary behaviors (e.g., food habits, food preferences, milk, fruit, and vegetable 
consumption, and water and sugar sweetened beverages intake). This approach of assessing 
health factors individually may be problematic because these health-risk behaviors may have 
compounding and additive effects on academic achievement. For example, students who are well 
nourished, physically active, and well rested are likely to have advantages regarding cognition 
compared with students with deficits in any of these areas (Gomez-Pinilla, 2008). Similarly, the 
students who have difficulty with vision, difficulty with paying attention or are bullied at school 
will struggle to succeed academically and will feel less connected and engaged with school. 
Students with these issues will, consequently, be less connected and engaged with school and 




 More recently, some efforts have made the case for considering multiple health factors 
simultaneously. Using the 2011 Philadelphia YRBS data, Coleman et al. (2014) identified and 
performed a cluster analysis of following 8 health-risk behaviors: suicide attempt, lifetime 
history of sexual intercourse, tobacco use, cell phone use while driving, unhealthy weight loss, 
daily soda consumption, sedentary behavior, and extreme game use. The representative sample 
consisted of 1,354 ninth to twelfth grade students from the School District of Philadelphia. The 
researchers concluded that having attempted suicide was significantly associated with other risk 
behaviors: current smoking behavior, being sexually active, unhealthy weight loss practices, and 
using a cell phone while driving.  
Similarly, Faught et al. (2017) conducted a prospective study of elementary students in 
Nova Scotia, Canada in 2011 to explore the possible combined effects of lifestyle behaviors 
(e.g., diet, physical activity, sleep, and screen time) on academic achievement. The study 
population consisted of 4,253 fifth grade students. Researchers identified independent, positive 
effects between meeting established recommendations for diet, sleep, and screen time and 
academic achievement. However, there was no association discovered between meeting physical 
activity recommendations and academic achievement. For the combined effects, meeting 
multiple lifestyle behavior recommendations had a stronger impact on academic achievement 
than the individual effects of each lifestyle behavior. 
There are few existing studies that have tried to construct profiles of students based on 
the multiple health behaviors they practice. Laska et al. (2009) conducted a latent class analysis 
(LCA) of health-risk behaviors and lifestyle characteristics among 2,206 college students, ages 
18 to 25 years old, in the United States. These behaviors included: diet, physical activity, 




mutually exclusive groups of the health-risk behaviors within the study sample. Results showed 
four classes/profiles of female students: 1) poor lifestyle and low risk behaviors; 2) high risk; 3) 
moderate lifestyle and few risk behaviors; and 4) health conscious. Similarly, there were four 
classes/profiles of male students: 1) poor lifestyle and low risk; 2) high risk; 3) moderate lifestyle 
and low risk; and 4) classic jocks. This LCA study was among the first to explore complex 
lifestyle patterning among college students with an emphasis on health-risk behaviors in order to 
develop targeted and tailored health promotion strategies for college youth and young adults.  
Parker et al. (2019) conducted a cross sectional study of 473 secondary school students in 
Melbourne, Australia to identify the typology of activity-related behaviors exhibited among these 
students. The activity-related behaviors included: active travel to/from school (i.e., walking or 
cycling), leisure-time sport or physical activity, time spent engaging in watching TV, time spent 
using electronic media, time playing video games, and time spent completing homework. 
Researchers identified three classes: group 1 (physically inactive and highly sedentary), group 2 
(moderately active and high screen time), and group 3 (highly active and low sedentary).  
Gohari et al. (2019) conducted a cross-sectional study to identify the types of students 
who engage in alcohol consumption in secondary schools across Ontario and Alberta, Canada. 
The study sample included 45,298 Canadian students from grades 9 to 12 from 89 secondary 
schools. Researchers discovered four distinct groups: non-drinkers, light drinkers, regular 
drinkers, and heavy drinkers. 
There has been increasing recognition about the importance of considering multiple 
versus individual health-risk behaviors.  The study intends to contribute to that line of research.  
Unlike the prior studies outlined above, this study relies on a very large sample representative of 




Purpose of Study  
This study involved a secondary data analysis of the 2019 national YRBS, a biennial 
survey of a nationally representative sample of high school students in the United States. The 
YRBS is intended to estimate the prevalence of a wide range of health-risk behaviors and track 
changes in those behaviors over time.  Recent versions of the YRBS have included a measure of 
self-reported academic achievement.  The study has three main purposes. The first is to discover 
the extent to which a typology of students’ health-risk behaviors can be created that represents a 
substantial proportion of respondents. Second, if a typology can be created, an additional purpose 
is to assess the extent to which categories or profiles within the typology (i.e., those exposed to 
and/ or practicing various sets of health behaviors) are associated with academic achievement. A 
third purpose is to identify the extent to that student health-risk profiles may vary across 
contextual factors. 
Research Questions  
The research study has answered the following research questions using the 2019 national 
YRBS dataset: 
1. To what extent are there different types of “student health-risk profiles” of multiple 
health behaviors among high school (grades 9 to 12) students and what are the specific 
implications of these different profiles for schools to consider when supporting student 
needs? 
2. To what extent are these “student health-risk behavior profiles” associated with academic 
achievement? 
3. To what extent do these “student health-risk behavior profiles” differ across critical 




Significance of the Study  
 The study is significant, as it will leverage existing health behavior and education 
outcomes research. The proposed study’s findings will provide a narrative of the United States 
adolescents’ health-risk behavior patterns from the data collected by the CDC. This study will 
help fill the gaps in current knowledge, as it will highlight the association between sets of health-
risk behaviors and educational outcomes. This may help lead to effective, tailored approaches to 
meet students’ needs. This study is also significant because it will offer a different statistical 
approach to understanding adolescents’ health-risk behaviors.  
The CDC created the Youth Risk Behavior Surveillance System (YRBSS) to monitor 
health-risk behaviors, obesity, and asthma (Underwood et al., 2020, Kann et al., 2018). The 
YRBSS was first developed in 1990 to determine the prevalence of health behaviors and monitor 
these health behaviors exhibited among adolescents in the United States (CDC, 2020). One of the 
purposes of the YRBSS is to assess whether health-risk behaviors have increased, decreased or 
stayed the same over time. YRBSS collects national, state, territorial, tribal, and local data. As of 
2019, YRBSS has collected health data from more than 4.9 million secondary school students 
(i.e., middle and high schools) from about 2,100 separate surveys (CDC, 2020). Over time, 
YRBSS has changed by including more questions about obesity, asthma, and sexual identity.  
Housed within the YRBSS, CDC has developed the YRBS, which serves to identify the 
health-risk behaviors experienced among young people in the United States. YRBS is conducted 
biennially and provides representative data of 9th to 12th grade students in public and private 
schools in the United States (CDC, 2020; Underwood et al., 2020). The main objectives of the 
YRBS survey are to determine the prevalence of health behaviors, evaluate whether health 




grades 9 to 12 as well as subgroups disaggregated by grade, sex, race/ethnicity, and sexual 
orientation.  
The health behaviors tracked in the YRBS include six priorities: 1) behaviors that 
contribute to unintentional injuries and violence; 2) tobacco use; 3) alcohol and other drug use; 
4) sexual behaviors related to unintended pregnancy and sexually transmitted infections (STIs), 
including HIV infection; 5) unhealthy dietary behaviors; and 6) physical inactivity (Kann et al., 
2016; Kann et al., 2018; Underwood et al., 2020). There are 121 health-related behaviors 
identified in the 2019 YRBS survey grouped into the six priority areas (Underwood et al., 2020). 
In addition to the health-related behavior survey items, items for grade in school, sex, 
race/ethnicity, and sexual minority status are included. To address academic achievement, there 
is a question about student academic achievement (i.e., grades).  Results from the 2019 national 
YRBS, as well as surveys from prior years, indicate that many high school students are engaged 
in health-risk behaviors associated with the leading causes of morbidity and mortality among 
persons aged 10–24 years in the United States (Underwood et al., 2020). 
The main significance of this study lies in its focus on identifying ways in which health-
risk behaviors may cluster and the influence of multiple health-risk behaviors on academic 
achievement.  The idea that multiple health factors influence academic achievement is becoming 
increasing recognized (Basch, 2011; Bradley & Greene, 2013; Costello et al., 2003; Lewallen et 
al., 2015). Prior to the 2010, less was known about the effects of health-related behaviors on 
academic performance (Busch et al., 2014). Recent studies have demonstrated links between 
various health-related behaviors and educational outcomes such as letter grades, test scores, or 
other measures of academic achievement (Michael et al., 2015). In particular, Basch (2011) 




limited students’ motivation and to learn. It is imperative to examine multiple behaviors together 
as many youths experienced more than one risk behavior (Costello et al., 2003). 
Faught et al. (2017) conducted a prospective study of elementary students in Nova Scotia, 
Canada. The prospective study was named the 2011 Children’s Lifestyle and School 
Performance Study (CLASS). The study population consisted of 4,253 fifth-grade students; ages 
10-11 years old. Students in CLASS were required to complete two surveys: CLASS survey and 
the Harvard Food Frequency Questionnaire for Youth/Adolescents (YAQ). Trained research 
assistants administered and collected the survey during classroom time. Responses were 
dichotomized to either meeting or not meeting recommendations. Researchers analyzed the 
combined effects of 9 lifestyle behavior items: vegetables and fruit intake; grain products intake; 
breakfast intake; milk and alternatives intake; saturated fat intake; sugars intake; physical 
activity; sleep, and screen time. The academic exams were taken 1 year after collecting the 
lifestyle behavior data. Multivariable regression models were used where the academic 
achievement test score was considered as a continuous variable. Results showed that for the 
combined effect of the 9-lifestyle behavior items, for each additional item met, the odds of 
meeting the expectations for mathematics was 1.13 times higher, increased by 1.26 times for 
reading, and increased 1.21 times for writing. Researchers concluded that combined behavioral 
effects led to a higher impact on academic achievement than any behavior alone.  
Faught et al. (2017) conducted another study using cross sectional data from the 2014 
Canadian Health Behavior in School-Aged Children study. Researchers assessed the independent 
associations of diet, physical, sleep, and screen time with academic achievement. Faught et al. 
were not the only researchers who have attempted to investigate the connection between multiple 




study from the 2015 Nevada YRBS state data. From a sample of 4,625 adolescents in Nevada, 
researchers explored the synergistic associations among physical activity, sleep duration, diet, 
and academic achievement. Results provided supporting evidence that these health behaviors are 
significantly related to educational outcomes. These studies are similar to my study in that the 
surveys and health-risk behaviors are similar. While Faught et al. (2017) examined children; 
Burns et al. (2018) studied adolescents, which mirrors the age range of that in my study. 
However, two main differences are sample size and statistical approach. My study used the 
national YRBS dataset, which has a larger sample size than that of CLASS from Faught et al. 
(2017) and the state YRBS dataset from Burns et al. (2018). The previous studies have 
conducted logistical regressions and odds ratios whereas my study used LCA.  
More recently, Jacobs (2019) conducted a LCA of adolescent health behaviors. Jacobs 
used a nationally representative sample of 6504 adolescents, ages 10 to 19 years old. The dataset 
was from the National Longitudinal Study of Adolescent Health (Add Health). There are four 
waves of data collection for Add Health and only data collected in 1994-1995 (Wave I) and 1996 
(Wave 2) were used for analysis. Students were asked to complete the surveys at home. These 
surveys included questions about eight specific health behaviors: frequency of alcohol use, 
cigarette smoking, general health rating, food choice autonomy, wearing braces, tattoos, sleep, 
meal autonomy, exercise, and physicians’ visit. Results from the LCA show that there were three 
classes, “profiles” of adolescents: 1) health, 2) moderately healthy, and 3) unhealthy. The study 
findings indicated that most males and females belonged to the moderately healthy class. 
According to Jacobs’ study, this has been the only study that have taken a person-centric 
approach to examine classes of health behaviors among adolescents in the United States thus far. 




parallel with my study, for data analysis, the responses were dichotomized. Furthermore, the 
dataset is also a nationally representative sample. Jacobs used the Add Health data, and my 
proposed study will be using the national YRBS data. Both datasets are similar yet the YRBS 
provides more current information about adolescents and the YRBS dataset has at least twice as 
many respondents than that of Add Health. The main difference between Jacob’s study and my 
study is that Jacobs’s study did not explore how these health-risk behaviors impact academic 
achievement. Another difference is that my study used a dataset where participants completed 
surveys at schools as opposed to in their homes. Additionally, Jacobs’ study used SAS version 
9.4, where my proposed study will use a different statistical program. My study expanded the list 
of health-risk behaviors and connect the behavioral patterns to an educational outcome.  
Previous literature and research extensively studied the relationship between various 
health-risk behaviors and academic achievement of young people (Anderson, Butcher, & 
Schanzenbach, 2010; Bradley & Greene, 2013; Carey et al., 2015; Datar, 2004; Fryar, Carroll, & 
Afful, 2020; Halfon et al., 2013; Reilly et al., 2003; Shore et al., 2008; Swallen et al., 2005). 
However, there remain several gaps in research. First, extensive research primarily centered 
around pinpointing and understanding the impact of a single health-risk behavior on academic 
achievement as opposed to the impact of multiple health-risk behaviors on academic 
achievement. Therefore, another gap is that research on evaluating multiple health-risk behaviors 
concurrently and their combined effects on academic achievement are limited. Another gap is 
that research studies that aim to identify which combinations or groups of health-risk behaviors 





First, research tends to focus on the association between a single health-risk behavior and 
academic achievement. These studies observed adolescents from ages 10 to 18 years old, male 
and female, students from low-income families as well as high-income families, and various 
race/ethnicities (i.e., White, Black, Asian, Spanish, Biracial, and Multiracial). We tend to look at 
risk factors as categorical, but these health-risk factors can also be seen as continuous variables. 
This is not an effective approach as students with one health-risk behavior are likely to 
experience another health-risk behavior. Previous research primarily assessed the independent 
effects of each health-risk behavior and academic achievement.  
Second, there are a limited number of studies that analyzed multiple health-risk behaviors 
concurrently. These studies observed adolescents from ages 10 to 18 years old, male and female, 
students from low-income families as well as high-income families, and various race/ethnicities 
(i.e., White, Black, Asian, Spanish, Biracial, and Multiracial). Many youth experiences more 
than one health-risk behavior, which means that studies that examine the effect of single 
problems on achievement will produce biased estimates (Costello et al., 2003). As these health-
related behaviors are frequently interrelated and established during childhood and adolescence 
and extend into adulthood, it is imperative to simultaneously examine multiple health behaviors.  
Third, most previous studies have not determined whether some combinations of 
problems have stronger associations with educational outcomes than others (McLeod et al., 
2013). While research studies, as mentioned above, identified different combinations of health-
risk behaviors among adolescents, it is unclear as to which set of health-risk behaviors have a 
stronger and/or the strongest impact on educational outcomes of adolescents.  
The study intended to help fill several gaps in current knowledge. One way the study 




understanding and support adolescents. Another way is that the study added to the limited 
published studies that investigate multiple behaviors concurrently and their association with 
educational outcomes. Similarly, the study helped to expand the limited number of published 
studies that assess the potentially additive or synergistic effects on academic achievement from 
exhibiting multiple health-risk behaviors. Another way is presenting new findings that will raise 
awareness and promote the need to continue this research.  
 The proposed study would be one of the very few studies to conduct a Latent Class 
Analysis (LCA) to create a typology focused on students’ health-risk behaviors and academic 
achievement in the United States. Additionally, no published studies examined YRBS data to 
create health-risk behavior profiles to represent different subgroups of students and their impact 
on academic achievement. By creating a typology and understanding the specific health-risk 
behaviors of the subgroups, researchers can help develop tailored interventions, programs, and 
policies that are specific to adolescents’ needs.  There are advantages of LCA over other 
statistical methods. For example, LCA is a statistical technique that is person-centric versus 
variable centric (Graves & Bowers, 2018; Muthén & Muthén, 2012; Samuelsen & Raczynski, 
2013). Thus, while individuals have unique behavioral patterns, there may be homogenous 
subgroups of individuals that can better address and explain the behavior of interest. Also, LCA 
evaluates how groups of individuals differ or relate to one another and aim to identify the 
different subtypes (Boyce & Bowers, 2016; Graves & Bowers, 2018; Jung & Wickrama, 2008; 
Samuelsen & Raczynski, 2013). This is highly useful as this approach helps capture a 
comprehensive, complex, and realistic narrative of adolescents and their health-risk behaviors.  
As noted above, few studies have examined relationships between practicing sets of 




on student populations outside of the United States, did not use a nationally representative 
sample or utilized outdated data. For example, as shared above, Faught et al. (2017) analyzed 
health-risk behavior and academic grades data of children as opposed to adolescents and young 
adults. Furthermore, both of Faught et al. (2017) studies were conducted in Nova Scotia, Canada. 
In addition, Jacobs (2019) used data collected in the late 1990s. The study used a recently 
collected dataset from a nationally representative sample of adolescents in the United States. 
Specifically, the study used the national 2019 YRBS dataset to investigate the potential 
relationship between health-risk behaviors in the following six priority areas: 1) behaviors that 
contribute to unintentional injuries and violence; 2) tobacco use; 3) alcohol and other drug use; 
4) sexual behaviors related to unintended pregnancy and sexually transmitted infections (STIs), 
including HIV infection; 5) unhealthy dietary behaviors; and 6) physical inactivity and academic 
achievement among adolescents in grades 9 to 12 in the United States.  
Very limited published studies identified were able to assess the extent to which 
practicing multiple health-risk behaviors impact academic achievement. Burns et al. (2018) 
conducted a secondary data analysis study using the 2015 YRBS Nevada State data to determine 
possible relationships among physical activity, sleep duration, diet, and academic achievement. 
Researchers found that students who positively reported meeting at least 3 health behaviors had 
higher odds of achieving mostly A’s and B’s compared to students who met 2 or fewer health 
behaviors. While Faught et al. (2017) and Burns et al. (2018) have explored the multiple health-
risk behaviors (i.e., physical activity, sleep, screen time, and diet) and how the combined effects 
of having all of those health-risk behaviors impacted academic achievement, there are many 




group of multiple, more than 3, health-risk behaviors that may result in additive effects on 
academic achievement.  
The findings of this study aim to promote the need of continuing this research and offer a 
proposed combination or group of health-risk behaviors that have the strongest relation with 
academic achievement among adolescents. Subsequently, this may call for more research studies 
to be conducted to discover and determine if there are more classes of health-risk behaviors that 
are significantly related to academic achievement.  
This study is connected to longer-term work. Schools alone cannot overcome the impact 
that economic disadvantage has on a child. Schools and school administration teams 
continuously face tremendous pressure to reach local and federal educational goals. To assist in 
meeting these goals, schools need to discuss and include the various, simultaneously occurring 
health-risk behaviors of their students. A unified system that addresses both health behavior and 
academic achievement would have reciprocal and synergistic effects. (Bradley & Greene, 2013) 
Education-specific approaches do not address health-related barriers to learning. Highlighting the 
associations between educational outcomes and health outcomes might facilitate the 
establishment of partnerships between health agencies and education agencies. Moreover, many 
of these agencies are well positioned to support health programs, in part, because of existing 
infrastructure to support educational interventions, health services, and family and community 
involvement (Michael et al., 2015). The findings of this study will encourage more action to 
strengthen the connection between health and education and build a coordinated, comprehensive 






Theoretical Framework  
The theoretical framework for the proposed study is based on a diverse body of literature 
synthesized by Basch (2011). Basch proposed a conceptual model outlining the various ways the 
specific health factors, individually and, most importantly for this study, collectively, influence 
academic achievement and educational attainment. The hypothesized model implies that health 
factors are seen as causal mechanisms, where low socioeconomic status influences academic 
achievement. 













           
 Basch (2010) proposed a conceptual model to demonstrate how educationally relevant 
health disparities have causal effects on educational outcomes. The educationally relevant health 
disparities are: vision, asthma, teen pregnancy, aggression and violence, physical activity, 
breakfast, and inattention and hyperactivity. The causal pathways in this model are sensory 
perceptions, cognition, school connectedness, absenteeism and school dropout. One of the key 
points in this model is that each of these causal pathways is affected by more than one health 
factor. Addressing some health problems, but not others, will therefore not produce large or 










The literature review was conducted by completing a keyword search in PubMed for 
‘YRBS’, ‘educational outcomes’, ‘typology study’, ‘LCA, ‘cognition’, ‘academic achievement’, 
and ‘multiple health-risk behaviors’. This literature review includes four sections where section 
one summarizes literature on the six YRBS categories and their implications with academic 
achievement. Section two includes literature that examined multiple health-risk behaviors and 
educational outcomes. Section three includes literature that evaluated the methodology of the 
YRBS tool. Section four includes literature on typology studies.  
I. Six YRBS Categories and their implications for Academic Achievement  
Category 1: Behaviors that contribute to unintentional injuries and violence 
 Bullying is a complex public health issue that can be defined as repetitive and intentional 
aggressive behavior by one individual or group against another in circumstances where there is a 
power imbalance between the aggressor and victim (Markkanen, Valimma, & Kannas, 2019; 
Olweus et al. 2010; Rettew & Pawlowski, 2016). Traditional bullying can include anything from 
name-calling, active ignoring or exclusion of certain individuals, to physical assault. Unlike 
traditional bullying, cyberbullying involves hurting someone else using information and 
communication technologies, which may include any of the following: harassing messages (via 
text or Internet), posting derogatory comments on a social media platform, and/or 
threatening/intimidating someone electronically (Nguyen et al., 2020; Kim et al., 2019; Nixon, 
2014). Bullying can lead to negative effects on students’ health and wellbeing, school violence, 
and aggressive behavior, which can ultimately impact student academic performance (Espelage 




 Nguyen et al. (2020) explored the potential relationships among cyberbullying, parental 
attitudes, self-harm, and suicidal behavior of 648 randomly selected, sixth-grade students in Hue 
City, Vietnam. These students were recruited from an ongoing school-based cohort study, Hue 
Healthy Adolescent Cohort Study. Researchers used the Global School-based Health Survey 
(GSHS) and face-to-face interviews to collect information of students’ health-risk behavior 
experiences and perceived parental attitudes. The questions for both GSHS and interviews 
derived from the Youth Risk Behavior Survey questionnaire. Researchers conducted univariate 
logistic regression analyses to calculate crude odds ratio (OR) and 95% confidence interval (CI) 
in order to determine the relations between self-harm and suicidal behavior as well as relations 
among bullying (e.g., school bullying, cyberbullying), perceived parental attitude, and 
sociodemographic variables. Results show that suicidal ideation and suicidal planning were 
significantly associated with an interaction effect between cyberbullying and parental attitudes. 
Furthermore, positive parent attitude or parental acceptance was significantly associated with 
students’ reducing self-harm and suicidal behaviors. Lastly, findings indicated a significant 
relationship between being cyberbullied and self-harm behaviors. While this is an internationally 
study with a small sample size, it is an important study to highlight as the findings provided 
suggestive evidence for these particular health-risk behaviors to be addressed together as 
opposed to separately. Along with assessing the groupings of these health-risk behaviors, the 
study sheds a critical light on the influence and impact of family factors on students’ 
experiences.  
Markkanen, Valimma, and Kannas (2019) conducted a cross sectional, secondary data 
analysis study to understand the extent of which students experience bullying and different forms 




4,262 Finnish secondary school students. Researchers used a nationally representative sample of 
participants who ranged from ages 13 to 15 and completed the Finnish part of the Health 
Behavior in School-aged Children (HBSC) 2010 study questionnaire. The HSC questionnaire 
were distributed in schools, anonymous, and voluntary. To determine bullying victimization, 
researchers focused on 7-items in the HBSC study questionnaire. To assess possible clustering of 
other health-risk behaviors, researchers included 30-items from the HBSC study questionnaire 
that focused on school atmosphere, school environment, teacher interactions, peer interactions, 
and parent interactions. In total, 37-items from the HBSC study questionnaire were used where 
all questions utilized 5-point Likert scales for responses. Researchers first completed an 
explorative factor analysis of the 37 variables and found seven factors: school engagement, 
liking school, parent support, student relations, academic support, teacher-student relations, and 
school strain. Furthermore, researchers calculated Cronbach’s alpha for sum scores to check for 
internal consistencies. Researchers then moved forward with a binary logistic regression analysis 
as their main statistical analysis to determine associations between bully victimization and school 
perceptions. Results showed younger students reported more bully victimization than that of 
older students and the most common form of bullying across all age groups was verbal teasing. 
Findings highlighted how bullying was very common for all age groups where low school 
engagement was connected to experiencing more bullying. Additionally, students who perceived 
their teacher-student relations to be poor reported being bullied more than students who 
perceived better teacher-student relations. Furthermore, students who experience loneliness 
reported being bullied more than students who did reported little to no experience with 
loneliness. While this is an international study, this is an important study to review as it affirms 




of these health-risk behaviors and perceptions among students.  Moreover, this study’s findings 
can be used in health promotion and health education classes as well as programs, antibullying 
school plans and policies, and school trainings for the school community.  
Albaladejo-Biazquez et al. (2019) conducted a cross sectional, secondary data analysis 
study to determine the impact of bullying on the well-being and Health-Related Quality of Life 
(HRQoL) among 1723 high school students in Alicante, Spain. Student participants’ ages ranged 
from 11 to 19 years old and were randomly selected from five public high schools. Researchers 
used existing survey instruments to measure bullying, homophobic verbal content bullying, 
HRQoL, depression, and anxiety. Students were asked to complete all surveys during regular 
classroom time. To measure peer victimization, bully behavior, and the frequency of fighting, 
researchers used the 18-item Illinois Bully Scale. To assess homophobic verbal content bullying, 
researchers used the 10-item Homophobic Content Agent Target (HCAT) Scale. To measure the 
HRQoL, researchers used the 27-item KIDSCREEN-27 questionnaire. To determine depressive 
symptoms, researchers used a 9-item Patient Health Questionnaire PHQ-9. To detect the 
presence of anxiety symptoms, researchers used the 7-item Generalized Anxiety Disorder GAD-
7 questionnaire. Using SPSS, researchers recoded and dichotomized the final set of self-reported 
data. While controlling for the sex variable, Chi-square analyses and ANCOVAs were conducted 
to examine the prevalence of participants in each role (i.e., bully, victim, bully-victim) and how 
the HRQoL, depression, and anxiety levels varied among roles. Results indicated there were a 
higher percentage of victims of homophobic verbal content bullying than in traditional bullying. 
Furthermore, students, who were classified as uninvolved in both types of bullying, had better 
results in HRQoL than their bully-victim peers. Similarly, the uninvolved participants reported 




concluded that both forms of bullying, traditional and homophobic, have a significant negative 
impact on HRQoL and mental health of young people. This is an important study, as it one of the 
first studies in this field that analyzed and reported the different patterns of HRQoL, anxiety, and 
depression among adolescents who experienced varying levels of both traditional bullying and 
homophobic verbal content bullying.  
Alhajji, Bass, and Dai (2019) conducted a secondary data analysis of the 2015 National 
Youth Risk Behavior Survey (YRBS) data to examine the association of cyberbullying with 
mental health and violent behaviors among adolescents in the United States. Derived from the 
YRBS questions, researchers defined cyberbullying as bullying through email, chat rooms, 
instant messaging, and/or texting. The 2015 YRBS dataset contains self-reported responses to 
questions on health-risk behaviors from 15,506 students in grades 9 to 12 from randomly 
selected public and private schools in the United States. After removing all non-responses, the 
final dataset included 15,465 participants. The surveys are administered and collected by trained 
data collectors and teachers. To measure cyberbullying, mental illness (i.e., depressive 
symptoms, suicide ideation, and suicide planning), and violent behaviors (i.e., physical fight, 
weapon carrying), researchers isolated and utilized questions on the YRBS survey. For analysis, 
weights were applied to adjust for nonresponse, oversampling, and the distribution of students by 
grade, sex, and race. Furthermore, student responses were dichotomized to yes or no. In addition, 
the race variable in the logistic regression analysis was dichotomized to white and non-white. 
Using Stata, researchers conducted Taylor series linearization to adjust for unbiased estimation 
of standard errors. A complex-sample-design-based logistic regression model was used to 
determine which variables were predictors of cyberbullying victimization. Adjusted Wald’s test 




behaviors with cyberbullying victimization. Standard Pearson Chi-squared tests were not used as 
researchers considered them inappropriate methods due to the correlation among units within the 
same cluster. As there are multiple comparisons, Bonferroni correction was used to adjust P 
values. The resulting model did not have any multicollinearity issues. Results showed that 
depressive symptoms, suicidal ideation, suicide planning, carrying a weapon, and engaging in a 
physical fight were all associated with higher odds of being cyberbullied. Furthermore, results 
presented significant bivariate associations between cyberbullying victimization and sex, race, 
and ethnicity; females and white adolescents were more likely to be cyberbullied than their 
counterparts. This is an important study as it explored the synergistic relationship of multiple 
health-risk factors: cyberbullying, mental illness, and violent behaviors, among a nationally 
representative sample.  
Lee, Jeong, and Roh (2018) conducted a secondary data analysis study of a nationally 
representative sample of 10,160 students from the 2009 Health Behavior in School-aged 
Children (HBSC) study. Student participants stemmed from 42 countries in collaboration with 
the World Health Organization. Students’ ages ranged from 11 to 15 years old. The purpose of 
the study was to examine the direct and mediating effects of traditional and cyberbullying 
victimization in explaining the relationship between body mass index (BMI) and physical and 
psychological distress.  Students provided self-reported data on height, weight, physical and 
psychological health, bullying victimization experience, and demographic information. Trained 
research staff calculated BMI. Researchers measured physical distress with three survey items 
that asked students, in the last six months, how often they had headaches, stomachaches, and 
backaches. To measure psychological distress, researchers asked how often, in the last six 




modeling and data analysis, physical distress and psychological distress were considered as 
outcomes and traditional and cyberbullying victimization were considered as mediator variables. 
Researchers conducted a preliminary bivariate correlation analysis, where results showed BMI 
was significantly associated to both physical and psychological distress. To investigate and 
compare mediating effects of two types of bullying victimization, researchers used a seemingly 
unrelated regression (SUR). To statistically test for the presence of mediation, researchers 
conducted Sobel-Goodman tests. To ensure a satisfactory or acceptable model fit, researchers 
relied on Standardized Root-Mean-Square Residual (SRMR), Root-Mean-Square-Error of 
Approximation (RMSEA), and Comparative Fit Index (CFI). Findings indicated traditional 
bullying victimization and cyber bullying were negatively correlated with physical distress and 
psychological distress. Researchers concluded only traditional bullying victimization mediated 
the link between BMI and physical distress. Furthermore, researchers concluded that both forms 
of bullying victimization had a mediating impact between BMI and psychological distress. This 
is an important study as there are very few studies that have inquired into the mediating effects 
of traditional and cyberbullying among school children with obesity in the context of physical 
and psychological distress.   
School grounds remain the most common site for bullying and students who feel unsafe 
at school may experience bullying victimization and have suicidal tendencies (Davis & Nixon, 
2015; Kim et al., 2019). Furthermore, students who feel unsafe at school and experience bullying 
are likely to have their academic achievement be compromised. Wang et al. (2014) conducted a 
secondary data analysis of 1,023 fifth grade children from 50 randomly selected elementary 
schools, Kindergarten to 6th grade, in a southern Ontario city, Canada, to examine the moderating 




asked to complete paper-and-pencil surveys during school time in their classrooms. Parents 
completed telephone interviews and/or paper-and-pencil surveys. To capture student 
involvement in bullying and victimization, researchers used an abridged version of the 
Vaillancourt and Hymel Bullying Involvement questionnaire and Olewus Bully/Victim 
questionnaire. In addition, students were asked how often they had bullied others at school as 
well as in what ways (i.e., physical, verbal, social, cyber). To measure academic achievement, 
researchers utilized the teacher-assigned grades at the end of the school year and overall GPA 
composite score. To assess school climate, researchers used the 14-item Sense of School as a 
Community Scale (SSCS). The following covariates were controlled: ethnicity, gender, 
absenteeism, parental education and income, and school type. Researchers conducted multilevel 
analyses using maximum likelihood robust (MLR) estimation and TYPE-TWOLEVEL via 
Mplus version 6.12. Researchers used the log likelihood (-2LL) to compare the models and 
identify the better fitting model. Unweighted effects coding was used to code for sex, ethnicity, 
and school type. Individual-level school climate variables and school-level school climate 
variables were entered simultaneously in order to divide the effect of school climate into 
individual effects and school effects. To account for individual variation from the school mean, 
individual-level school climate was group mean centered. Results showed that the effect of 
victimization on GPA was significant with school level climate, controlling for individual 
variation in school-climate scores. Specifically, one unit increase in peer victimization was 
associated with 0.44 points decrease in GPA and 0.39 points decrease after considering for 
school climate. Researchers concluded that peer victimization had a negative impact on 




Hysing et al. (2019) conducted a secondary data analysis to assess the relationship 
between sleep and mental health problems and whether that relationship has a mediating effect 
between bullying and academic outcomes. The study sample included the 10,220 adolescents 
born between 1993 and 1995 and who participated in the 2012 population-based study in 
Hordaland County, Norway. After removing those who either had missing data, did not give 
consent or did not meet sleep duration requirements, the data set included 9,846 adolescents. 
Sociodemographic variables (i.e., age, gender, and maternal and paternal education) were 
identified and collected through the Norwegian National Population Register. To measure 
bullying victimization and bullying perpetration, researchers used the Olweus Bully Victim 
Questionnaire (OBVQ). To assess sleep, students were asked to record usual bedtime and wake 
up time for weekdays and weekends in a daily sleep diary. In addition, students were asked to 
complete a Likert scale survey in order to report difficulties initiating and maintain sleep (DMS). 
If students reported DMS at least 3 times a week for duration of 3 months or more and/or 
tiredness or sleepiness at least 3 days per week then they were considered for insomnia. Mental 
health problems (i.e., depression, anxiety, attention deficit hyperactivity disorder (ADHD) and 
conduct problems) were recorded by using several surveys. In order to identify and measure 
depression symptoms, researchers used the short version of the Mood and Feelings 
Questionnaire (SMFQ), a 13-item survey that focuses on cognitive and affective symptoms using 
a 3-point Likert scale for responses. To measure anxiety symptoms, researchers used a short 
version of the Screen for the Child Anxiety Related Emotional Disorders (SCARED), which 
included 5 items. For Attention Deficit Hyperactivity Disorder (ADHD) symptoms, researchers 
used the World Health Organization adult ADHD Self-Reported Scale (ASRS). Researchers used 




outcomes, which included Grade Point Average (GPA) and school attendance, were defined as 
the average of student’s grades for the last semester and days and school hours of attendance and 
absence for the last semester, respectively. A semester was defined as 6 months. To investigate 
the differences in demographic variables, school absence, and school performance, researchers 
conducted independent samples t tests and chi-square tests via IBM SPSS. In addition, 
researchers estimated a structural equation model (SEM) to explore an association between 
bullying involvement (i.e., being a bully, a victim, or a bully victim vs. no involvement) and 
GPA. For all analyses, age, gender, and parental education variables were controlled. To 
examine any indirect effects by sleep duration, conduct problems, anxiety, depression, and 
ADHD, researchers used the built-in function IND in Mplus. Mental health scales were 
standardized as well as Cohen’s d effect sizes were calculated.  To account for missing data, 
researchers used full information maximum likelihood (FIML). Results showed that victims, 
bullies, and bully-victims had lower GPA scores compared to that of adolescents not involved in 
bullying. Bullying involvement and academic outcomes had medium effect sizes: d = 0.49 
(victims), d = 0.56 (bullies), and d = 0.42 (bully-victims). Similarly, victims (d =1.1) and bully-
victims (d =1.0) reported more symptoms of depression compared to the adolescents who were 
not involved in bullying. Furthermore, students involved in all bullying categories had 
significantly shorter sleep duration and higher prevalence of insomnia as well as lower GPA than 
that of students who were not involved in any bullying categories. Interestingly, bullies had 
significantly higher levels of conduct problems (d =1.4) than bully victims (d = 0.8). Researchers 
concluded that bullying was strongly associated with mental health and sleep issues as well as 




Shukla, Konold, and Cornell et al. (2016) conducted a secondary data analysis of 47,631 
high school students across 323 high schools in Virginia, United States, to assess the within 
school differences among students in their experiences in school climate as it relates to various 
student outcomes. Researchers defined the multiple indicators of school climate into 9 
categories: disciplinary structure, academic expectations, student willingness to seek help, 
respect for students, affective and cognitive engagement, prevalence of teasing and bullying, 
general victimization, bullying victimization, and bullying perpetration. Researchers 
hypothesized that there may be a relationship between emergent latent profiles of school climate 
and self-reported grades and risk behaviors among high school students. Therefore, researchers 
conducted multilevel latent class (LC) modeling to examine the within-school heterogeneity and 
identify the different profiles of students. Profiles of student included information on student 
demographics (i.e., gender, race/ethnicity, grade-level, and parental education), academic 
outcomes (i.e., self-reported grades and educational aspirations), and risk behaviors (i.e., alcohol 
and marijuana use). To measure disciplinary structure, researchers utilized a seven-item scale 
from the Experience of School Rules scale used in School Crime Supplement and National 
Crime Victimization Survey. Researchers conducted multilevel factor analysis of this scale to 
ensure a good model fit and the Cronbach’s alpha was 0.78. To measure academic expectations, 
researchers created a five-item scale and calculated a Cronbach’s alpha of 0.72. To measure 
respect for students, specifically the perceived supportiveness of teacher-student relationships, 
researchers isolated four survey items from the Learning Environment. The calculated 
Cronbach’s alpha was 0.88. To measure willingness to seek help, if and how often would 
students seek help from an adult in their school if they were being bulled, researchers created a 




engagement (i.e., I feel like I belong at this school”; I want to learn as much as I can at school”), 
researchers used a nine-item scale from the Commitment to School Scale. The Cronbach’s alpha 
values were 0.89 and 0.74 for affective and cognitive engagement, respectively. To measure 
Prevalence of Teasing and Bullying (PTB), students were asked to answer questions about the 
bullying and teasing they observed at school. The calculated Cronbach’s alpha was 0.85. To 
measure general victimization, researchers used a five-item derived from the General 
Victimization scale and Gottfredson’s Effective Schools Battery scale. The calculated 
Cronbach’s alpha was 0.76. To measure bullying experience, students were asked to answer two 
questions about bullying victimization and perpetration. To measure academic outcomes, 
researchers focused on two items: self-reported grades and educational aspirations. Educational 
aspirations were gauged by the question, “how far do you expect to go in school?” To measure 
risk behavior, students were asked to answer five YRBS items about alcohol and tobacco use. 
The responses were recoded and dichotomized into two categories: absence of behavior and 
presence of risk behavior. The following confounding variables were controlled for in the final 
model and analysis: gender, ethnicity/race, and parental educational level. In order to determine 
the need to display the data within the multilevel framework (i.e., between-school variation from 
within-school variation among students), researchers calculated intra-class correlations (ICC) 
and design effects. Furthermore, researchers conducted LC modeling on school climate measures 
as indicators for the categorical latent variable. Covariances were constrained to zero across 
classes in order to accommodate LC modeling within a multilevel framework. Researchers 
started the latent class analysis (LCA) at a two-class model via Mplus and increased the number 
of classes until the model was no longer meaningful. To determine the number of classes and 




Criterion (AIC), Bayesian Information Criterion (BIC), Bootstrapping likelihood ratio-test 
(BLRT), and classification entropy. Lower AIC and BIC values were observed to compare 
models. Results identified four latent classes: positive climate, medium-climate low bullying, 
medium climate-high bullying, and negative climate. Students in the negative climate reported 
the lowest levels of structure, academic expectations, respect for students, willingness to seek 
help, and cognitive engagement. Similarly, results showed how the negative climate class 
consisted of students with the highest rates of: weapon carrying, involvement in physical fights, 
suicide attempts, alcohol consumption, and marijuana use. In addition, the largest latent class 
reported relatively high rates of both observing teasing and bullying at school and being 
victimized. Researchers concluded that bullying is not a universal problem within schools, 
however, involved various subgroups of students whereas others may be relatively unaffected. 
After identifying the four profiles of students, researchers concluded that there were differences 
in student academic performance and risk behaviors across the groups, where the positive 
climate class reported significantly higher grades and academic aspirations. This is an important 
study as researchers conducted school climate survey research to identify the different profiles of 
students and examine whether the profiles were associated with different student outcomes: 
academic grades and risk behaviors.  
There is research with contrary evidence that showed how bullying is not associated with 
school climate and/or school absence. Williams et al. (2018) investigated the relationship of 
student’s perceptions of school and school avoidance related to feeling unsafe by analyzing 
secondary data from a cross-sectional design. The study sample included 585 public high school 
students, grades 9 to 12, attending a rural high school located in the Southern region of the 




during the school day in order for students to complete the online survey. Students were asked to 
complete an anonymous, online survey during the school day and school personnel completed a 
school-wide, school climate survey using Survey Monkey. The dependent variables consisted of 
perception of physical safety at school and impact of perceived lack of school safety 
(absenteeism). Researchers referred to the CDC Youth Risk Behavior Survey questions to 
measure the dependent variables: “during the past 30 days, how safe have you felt at school?” 
and “how many days did you not go to school due to feeling unsafe either while in school or 
traveling to/from school?” The predictor variables were bullying victimization, relations 
(student, teacher, parent, administration), rule clarity and consistency, school physical 
environment (negative and positive), and student’s belongingness. Researchers utilized the Bully 
Survey to measure bullying experience. Researchers isolated six questions from The Colorado 
Trust Student School Survey to ascertain students’ perceptions of how student body cohesiveness 
and teacher cohesiveness. Cronbach’s alpha was 0.70 for the questions to gauge student 
relations. Similarly, Cronbach’s alpha was 0.78 for the questions to determine teacher relations. 
Students were provided four questions from The Colorado Trust Student School Survey to assess 
students’ perceptions of school rules and norms. Cronbach’s alpha for all four questions was 
0.62. To measure students’ perceptions of positive and negative physical school environment, 
researchers asked six questions: three for positive and three for negative. Cronbach’s alpha was 
0.74 for the three questions for positive physical school environment while Conbach’s alpha was 
0.61 for the three questions for negative physical school environment. To assess students’ sense 
of belonging at school, researchers used the Student Engagement Scale, a part of the 
Authoritative School Climate Survey. Cronbach’s alpha was 0.78 for the three questions that 




statistics on demographic data as well as dependent variables and predictor variables. To assess 
an association between the predictor variables and dependent variables, researchers used 
Pearson’s correlations. Two types of hierarchical linear regressions were calculated. The first one 
was a five-stage hierarchical linear regression analysis to predict students’ perceptions of school 
safety. The second one was a five-stage hierarchical linear regression analysis to predict 
students’ school absence due to feeling unsafe while at school or while traveling to or from 
school. For each analysis, the predictor variables were added, respectively. Out of all five 
models, the fifth model with all five predicator variables had the highest variance (10%) in 
school avoidance due to feeling unsafe. Results showed that all variables except for sex, being 
bullied, and school rules and norms were significantly related to school absence from feeling 
unsafe at school. Researchers discovered that students were not missing school because of 
bullying. According to their findings, students were avoiding school because of safety concerns 
as well as decreased school belonging and teacher/student relationships. This is an important 
study as it highlights the need to include student belongingness, sense of school community, 
physical school environment, and students’ perceptions of safety in schools in discussions and 
research related to bullying and academic achievement.  
Category 2: Tobacco Use 
 Tobacco use is the leading cause of preventable disease and death in the United States, 
where nearly all tobacco product use begins during youth and young adulthood (Gentzke et al., 
2019; Wang et al., 2018). Tobacco use can be defined as using a tobacco product type such as 
smokeless tobacco (i.e., chewing tobacco, snuff or dip), cigarettes, e-cigarettes, hookah, and 
cigars (Anic et al., 2018). E-cigarettes are a noncombustible tobacco product that allows 




Tobacco use in the form of e-cigarettes also known as vaping has been the most commonly used 
tobacco product among middle and high school students in the United States since 2014 (Cullen 
et al., 2018; Gentzke et al., 2019). Tobacco use and nicotine have negative impacts on young 
people as it changes the brain cell activity among adolescents. This can lead to addiction, 
cognitive functioning impairment, behavioral impairments, worsening anxiety and mood 
variability among adolescent smokers (Piasecki et al., 2016). Tobacco use can also lead to organ 
damage, smoking-related cancers, lung disease, and a weakened immune system (U.S. 
Department of Health and Human Services, 2014). Furthermore, cigarette smoking is associated 
with several health-risk behaviors: injury and violence, alcohol and drug use, sexual risk 
behaviors, and school problems such as truancy (Everett et al., 2000).  
 Demissie et al. (2017) conducted a secondary data analysis study to identify the 
prevalence and frequency of cigarette smoking and electronic vapor products (EVP) use among 
high school students as well as explore any associations between health-risk behaviors and 
cigarette smoking and EVP use. Researchers used the 2015 national YRBS data, which consisted 
of 15,624 responses from high school level adolescents in the United States. To measure 
cigarette smoking and EVP use, researchers referred to the two questions that asked how many 
days, in the past 30 days, did the participant smoke or use an EVP. Based on the self-reported 
responses, researchers created four categories: nonusers, cigarette-only smokers, EVP-only 
smokers, and dual users. The following covariates were included in the analysis: age, gender, and 
race/ethnicity.  The following dependent variables were included in the analysis: behaviors 
related to unintentional injuries, violence, substance use, and sexual risk, dietary behaviors, and 
physical activity. Researchers used SUDAAN to conduct chi square tests to assess differences by 




intervals and adjusted prevalence ratios to assess the possible associations between cigarette 
smoking or EVP use and health-risk behaviors. The referent group was the nonusers, and the 
following covariates were adjusted for in the analysis: sex, race/ethnicity, grade, smokeless 
tobacco use, and cigar smoking. Results showed that cigarette-only smokers, EVP-only smokers, 
as well as dual users exhibited more health-risk behaviors than nonusers. These health-risk 
behaviors include likely to engage in injury-related, violence-related and substance use 
behaviors, having 4 or more lifetime sexual partners, currently sexually active, and drink soda 3 
or more times a day. Furthermore, dual users were more than likely to have not used a condom at 
most recent sexual intercourse compared to nonusers. Researchers concluded that EVP high 
school users, separately and concurrently with cigarette smoking, were associated with having 
other health-risk behaviors. This is an important study to highlight as it used a very large sample 
as well as nationally representative sample examining adolescent tobacco use and showed 
clustering of health-risk behaviors.  
 E-cigarettes use or vaping can lead to major health issues that may ultimately impact the 
educational outcomes of adolescents. Thakrar et al. (2020) found adolescents who used e-
cigarettes to have acute respiratory illness. Researchers took a different approach to assess the 
impact of vaping among adolescents by reviewing radiologic findings of lung injury. 
Researchers identified and reviewed a group of 12 adolescent patients, ages 16 to 17 years old, 
who have acute respiratory illness and had a history of vaping from June 2019 to August 2019. 
These adolescents were recruited from an existing pulmonology database and radiology archive 
housed in the Children’s Hospital of Wisconsin and the Medical College of Wisconsin. 
Researchers conducted clinical assessments for dyspnea, abdominal pain, and pulmonary 




from symptomatology, laboratory, and pathology reports as well as chest radiographs. Results 
from descriptive statistics analyses showed that vaping caused product use-associated lung injury 
(EVALI) from toxic inhalation. Researchers concluded that vaping can result in acute lung injury 
among e-cigarette users. This is an important study to highlight as vaping has been considered 
the next public health crisis among adolescents and this is one of the very first studies to report 
specifically about lung injury imaging to show the harmful effects of vaping.  
 Similarly, Lee et al. (2019) found a positive relationship with asthma, allergic rhinitis, 
and atopic dermatitis and e-cigarette smoking among 58,336 adolescents in South Korea. These 
adolescents’ ages ranged from 12 to 18 years old. Participants were randomly chosen and asked 
to complete the 2018 Korea Youth Risk Behavior Survey. Researchers decided to examine the 
impact of tobacco product use on these allergic diseases, as they have been often associated with 
sleep disturbance, cognitive impairment, and physical and mental health issues. The study 
focused on uses of three tobacco products: cigarettes, e-cigarettes, and heated tobacco products.  
To measure for the allergic diseases, students were asked if they were ever diagnosed with 
asthma, allergic or atopic dermatitis by a medical doctor within the past 12 months. To measure 
the use of any of the three tobacco products, participants were asked to share their frequency of 
use, if applicable, in the past seven days as well as lifetime. Researchers conducted descriptive 
statistics and multinomial logistic regression analyses via SPSS. It is important to note that 
weights were added for analyses. The following covariates were included in the adjusted models: 
age, sex, obesity, residential area, familial economic status, and physical activity. The simple 
logistic regression analyses provided odds ratios and adjusted odds ratios for asthma, allergic 
rhinitis, and atopic dermatitis and its basis on tobacco product use. Researchers conducted 




and risk of allergic diseases. For multiple comparisons, researchers used Bonferroni correction. 
Results showed that the allergic disease group used cigarettes, e-cigarettes, and heated tobacco 
products more than the no allergic diseases group.  Each tobacco product was significantly 
related to an increased risk of a multi-morbidity of asthma, allergic rhinitis, and atopic 
dermatitis. Furthermore, results indicated that having asthma, allergic rhinitis, and atopic 
dermatitis was positively, significantly associated with secondhand smoking at home and school 
for five or more days per week. Researchers concluded that tobacco product use is associated 
with an increased risk of allergic diseases. This is an important study to highlight as it used a 
very large sample size and a nationally representative sample to investigate the tobacco product 
use associations with the risk of allergic diseases among adolescents.  
 Jenson (2018) found associations of socioeconomic, psychosocial, and behavioral factors 
with cigarette smoking and e-cigarette use among 126,868 adolescents in Minnesota. Jenson 
conducted a secondary data analysis study to investigate the factors associated with cigarette 
smoking and e-cigarette use among students in grades 8, 9, and 11. The dataset is from the 2016 
Minnesota Student Survey (MSS). This is a cross-sectional, school-based, anonymous, self-
reported study that is administered every 3 years by local school districts. It is important to note 
that the MSS collects data from students in grades 5, however, due to the interest of tobacco use, 
Jenson used only data from students in grades 8, 9, and 11. The study had three outcome 
variables: current cigarette smokers, current e-cigarette users, and concurrent cigarette smokers 
and e-cigarette users. Current users were defined as those who selected at least 1 day of use in 
the past 30 days. Similarly, concurrent users were defined as those who selected at least 1 day of 
use in the past 30 days for both cigarettes and e-cigarettes use. Jenson analyzed the following 




and e-cigarette use outcomes: sexual identity, economic hardship in the past 30 days, alcohol use 
in the past 30 days, and academic performance. SPSS was used to conduct frequency and Fisher 
exact test bivariate analyses. These analyses generated odds ratios for risk of smoking cigarettes, 
e-cigarette use, and concurrent use of both. The following variables were accounted for in the 
regression models: grade, sex, and race/ethnicity. Additional multivariate logistical regressions 
were conducted to include sexual identity, socioeconomic indicators, alcohol use, and academic 
performance. Results showed that sexual identity (i.e., bisexuality and heterosexuality) was 
significantly associated with cigarette smoking, e-cigarette use, and concurrent use of both. 
Similarly, economic hardship was significantly associated with the increased likelihood of 
cigarette smoking, e-cigarette use, and concurrent use of both. Additionally, alcohol use was 
significantly associated with cigarette smoking, e-cigarette use, and concurrent use of both. 
Furthermore, academic performance was significantly related to cigarette smoking, e-cigarette 
use, and concurrent use of both. It is important to highlight that students who reported mostly F’s 
were 8 times more than likely to smoke cigarettes than students who reported mostly A’s. Jenson 
concluded that the socioeconomic and behavioral risk factors are significantly associated with 
cigarette smoking, e-cigarette use, and concurrent use of both. In addition, Jenson concluded that 
these health-risk factors differed between student cigarette smokers and student e-cigarette 
smokers, which calls for further research to explore these differences. This is an important study 
to highlight as it involved a very large sample size to examine the set of variables associated with 
cigarette smoking, e-cigarette use, and concurrent use of both among adolescents.   
 Hu et al. (2018) found that cigarette smoking was associated with low cognitive 
performance among 213 students aged 16 to 20 in Beijing, China. Students were randomly 




heavy drinking over the past 12 months, current serious illnesses (i.e., psychiatric disorders), 
and/or using medication known to impact cognitive functioning, were excluded from the final 
sample.  The final sample included 98 smokers and 115 non-smokers. Participants were asked to 
complete assessments from the Weschler Adult Intelligence Scale (WAIS) for information, 
arithmetic, and digit span. In addition, participants were asked to complete the Dsyexecutive 
Questionnaire (DEX), a self-reported cigarette smoking questionnaire, and Fagenstrom Test of 
Nicotine Dependence (FTND). All assessments were completed in school classrooms. As 
mentioned, for cognitive performance, WAIS was used to assess three categories: information, 
arithmetic, and digit span test. The information test examined long-term memory. The arithmetic 
test examined reasoning and mental arithmetic ability. The digit span test examined short-term 
attention and working memory. To evaluate the behavioral issues that stem from the lack of 
executive function in daily life, researchers used DEX. This is a 20-item, self-reported survey 
with response options that follow a 5-point scale. Participants reported their ability of 
intentionality, decision-making ability, distractibility, and impulsivity. To measure cigarette 
dependence, researchers used the FTND, where participants were also asked to report their 
smoking history such as age of smoking initiation and daily cigarette consumption. From FTND 
scores, researchers created two groups: mild nicotine dependence (score of 3 or less) and 
moderate to severe nicotine dependence (score of greater than 3). Researchers used SPSS to 
conduct all statistical analyses. To determine the relationship between WAIS scores and cigarette 
smoking related factors, researchers conducted Pearson correlation analysis. Similarly, to 
examine the relationship between cognitive function and cigarette smoking related factors, 
researchers conducted Spearman correlation analysis. Results showed that smokers performed 




non-smokers. Results showed a correlation between the assessment results and smoking profiles 
of the sample (i.e., smoker or non-smoker). Researchers concluded that there is a link between 
smoking and lower cognitive functioning among young adults in Beijing, China. This is an 
important study to highlight as while it was a small sample size, it offered different assessment 
tools to test for cognitive tasks as well as executive functioning.  
Category 3: Alcohol and Drug Use 
 Alcohol consumption during adolescence is considered a serious public health problem as 
the brain is still developing and undergoing substantial structural and functional changes (De 
Bellis et al., 2000; Mahedy et al., 2018). Since the mid-1990s, the National Institute of vision, 
asthma, teen pregnancy, aggression and violence, physical activity, breakfast, and inattention and 
hyperactivity, Alcohol Abuse and Alcoholism launched initiatives to create awareness and focus 
on the biomedical and behavioral consequences of adolescent drinking. (Witts, 2010) Alcohol 
intake is usually initiated during adolescence (i.e., 12 to 18 years old). While the impact of 
alcohol use on brain functioning varies depending on when alcohol was consumed and duration 
of use, overall, alcohol use is related to many negative health and educational outcomes. Several 
studies have suggested that alcohol use was related to issues in working-memory, motor 
functioning, higher order cognitive functioning (i.e., decision making and planning), mental 
health, and physical health among young people (Fama et al., 2019; Latvala et al., 2014; Tanner-
Smith & Risser, 2016; Traversy & Chaput, 2015; Squeglia et al., 2014; Yi et al., 2020).  
 Alcohol use is related to other health-risk behaviors among young people. In Thailand, 
Assanangkornchai et al. (2018) conducted a secondary data analysis study to examine the 
association between alcohol use and other health-risk behaviors. Researchers believed that these 




study was to focus on identifying the different groups, types, of adolescents who engaged in 
these health-risk behaviors and the individual, family and social environmental factors that 
determine membership in a particular group. The final study sample included 25,566 secondary 
school students, ages 12 to 15 years, from 119 schools, across 37 provinces in Thailand. These 
students were randomly selected and asked to complete the 2009 National School Survey. These 
questions were derived from the U.S. Youth Risk Behavior Surveillance System, the U.S. 
Monitoring the future Project, and the National Household Survey of Substance Use in Thailand. 
To measure alcohol consumption among adolescents, researchers asked students to report their 
current alcohol use, frequency of heavy drinking, and frequency of binge drinking. Researchers 
defined heavy drinking to be drinking 2 or more standard drinks and binge drinking to be having 
5 or more drinks in one drinking occasion in the past 4 weeks. Students were also asked to 
complete questions to gauge their health-risk behaviors that contributed to intentional injuries in 
the past 12 months, which included: suicidal risk, having suicidal thoughts, suicidal plans, and/or 
suicide attempts. To measure past-year drug use, researchers asked students if they used any of 
the listed drugs in the past 12 months; common street names of each drug were provided. To 
account for any possible peer and family factors, researchers asked six questions to see if any of 
the student’s family members and/or friends had current issues of alcohol, tobacco or other drug-
related items. Latent Class Analysis (LCA) was used to identify the patterns of health-risk 
behaviors including alcohol, tobacco, and drug use. Researchers included four categories of 
health-risk behaviors variables in the LCA model: behaviors that contributed to unintentional 
injuries and violence in the past 12 months; behaviors that contributed to intentional injuries in 
the past 12 months; past-month alcohol use, and past-year drug use. Researchers also included 




(GPA). For analysis, researchers recoded the responses to be dichotomous and sampling weights 
were added.  
To choose the best fit-model, researchers followed the parsimony principle and examined 
the Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), maximum log-
likelihood value, and relative entropy. Researchers also conducted relation risk ratios and 95% 
confidence intervals, respectively. Results show three latent classes: Class 1 (low-risk 
behaviors), Class 2 (moderate-risk behaviors), and Class 3 (high-risk behaviors). Majority of 
students belonged to Class 1 where there was a low probability of student alcohol use, fighting, 
and suicidal behavior. Classes 2 and 3 had students who reported high alcohol intake. Students 
who belonged to Classes 2 and 3 were reported to having a lower GPA, had peers with drug use 
problems, and were at least 15 years old. Researchers concluded that Thai adolescents exhibited 
multiple health-risk behaviors: alcohol, tobacco, and drug use concurrently, where one health-
risk behavior may influence the occurrence of another. Therefore, from this study, it was evident 
that alcohol use was associated with other health-risk behaviors that may ultimately impact 
academic achievement. This is an important study to highlight, as it is an example of a person-
centric approach to identifying and understanding the intricacies of health-risk behaviors among 
adolescents by using a national, secondary data set.  
 Merianos et al. (2018) conducted a secondary data analysis study to investigate the 
relationship between alcohol use and depression. Adolescent depression has been associated with 
short- and long-term negative outcomes, which included psychosocial issues, physical health 
issues, suicidal ideation, anxiety disorders, bipolar disorders, and substance-related disorders. 
Therefore, the purpose of this study was to investigate a potential relationship between past year 




585 Hispanic adolescents, ages from 12 to 17 years old, who reported depressive symptoms and 
completed the National Survey on Drug Use and Health (NSDUH). To measure the outcome 
variable, alcohol use, researchers isolated the survey item that asked participants “how many 
days in the past 12 months did you drink an alcoholic beverage?” To measure depression, 
researchers utilized survey items that were derived from the Diagnostic and Statistical Manual of 
Mental Disorders (DSM-IV) and the National Comorbidity Survey Replication Adolescent 
Supplement. The following covariates were controlled: sex and age. Furthermore, age was 
dichotomized for analysis: early adolescence (12 to 14 years) and middle adolescence (15 to 17 
years). Researchers conducted Latent Class Analysis (LCA) to identify the latent classes of 
depressive symptoms among Hispanic young people. To determine the appropriate number of 
latent classes, researchers referred to the Bayesian Information Criterion (BIC). Additionally, 
researchers used regression models such as Poisson regression model to assess the relationship 
between the severity of depressive symptoms measured in latent classes and alcohol 
consumption as well as to find certain zeros. “Certain zeros” are Hispanic students who reported 
to zero days of alcohol use. To take into account for sample selection and nonresponses, NSDUH 
sampling weights were applied. Results showed two classes: high depressive and moderate 
depressive. Most of the students were in the high depressive class. Adolescents who belonged in 
the high depressive class were likely to have had more days in the past year of alcohol 
consumption than their peers in the moderate depressive class. Subsequently, the likelihood of a 
student being a “certain zero” alcohol user was found to be higher in the moderate depressive 
class than the high depressive class. Researchers concluded that an increase in frequency of 




study to highlight as LCA and a typological approach were used to understand Hispanic 
adolescents’ health-risk behaviors, specifically their depressive symptoms and alcohol use.  
 Neuronal loss and volumetric changes in the brain can occur due to chronic and/or 
excessive alcohol consumption. Heikkinen et al. (2016) conducted a longitudinal study to 
investigate the association between alcohol use during adolescence and grey matter volumes. 
This longitudinal study is a part of the Youth Wellbeing Study, which also monitored 
adolescents’ health and alcohol use. Researchers were driven by previous research, which stated 
that chronic excessive alcohol use during adolescence could negatively impact brain health. 
Fewer or thinner grey matter may be linked to cognitive impairments and negative impacts to 
academic achievement. The longitudinal study covered a period of ten years with three time 
points: time point 1 was 2005, time point 2 was 2010, and time point 3 was 2015. While there 
was a total of 4171 participants who were recruited in time point 1, after accounting for attrition, 
exclusion, and matched survey completions, there were 62 participants remaining for analysis. 
The final study sample included 62 participants, ages 22 to 28 years old, near Kuopio University 
Hospital in Finland. The heavy-drinking group had 35 participants where the light-drinking 
group had 27 participants. During the ten years, researchers used the shortened version of the 
Alcohol Use Disorders Identification Test (AUDIT)-C at each time point to measure alcohol 
consumption. Participants who had low AUDIT-C Scores and reported no binge drinking were 
considered as light drinkers. Participants who had an AUDIT-C score of 3 or more were 
identified as heavy drinkers. In addition, at time point 3, researchers used a Structured Clinical 
Interview for DSM IV (SCID) Axis I and II psychiatric disorders (SCID-I and SCID-II) to 
interview all participants to evaluate any current and previous psychiatric disorders, personality 




between the heavy-drinking and light-drinking groups, researchers used voxel-based 
morphometry on three-dimensional T1-weighted magnetic resonance images. Furthermore, 
researchers used magnetic resonance imaging at the last time-point. Researchers did not include 
age, gender, and number of psychiatric diagnoses as covariates in the analyses. For analysis, 
researchers used SPSS to conduct chi-squared tests, two-tailed independent samples t-test, and 
Mann-Whiney test. The chi-squared tests were used to calculate the differences between the 
heavy drinking groups and light drinking groups in gender, education, and the prevalence of 
psychiatric diagnoses, marijuana use, and drug use. The two-tailed independent samples t-test 
and Mann-Whiney test were used to calculate differences in AUDIT-C scores between the 
groups.  The two-sample t-test was used to analyze group matter volume differences between the 
groups.  Results showed, compared to the light-drinking group, there was grey matter volume 
reduction in the insula among the heavy drinking group. Additionally, among the heavy drinking 
group, there were more personality disorder diagnoses, specifically unstable personality disorder. 
Researchers concluded that heavy alcohol consumption during adolescence was associated with 
an abnormal development of grey matter in the brain. Albeit a small sample size, this is an 
important study to highlight as it involved a ten-year follow up study.  
 Sung, So, and Jeong (2016) conducted a cross-sectional study to examine the association 
between alcohol consumption and academic achievement among adolescents in South Korea. 
The study sample included 75,643 Korean students in seventh to the twelfth grade from 400 
randomly selected middle and 400 randomly selected high schools. The participants were invited 
to complete the web based 2011 Seventh Korea Youth Risk Behavior Web-based Survey 
(KYRBWS-VII). The KYRBWS-VII assessed the prevalence of health-risk behaviors among 




questions and self-reported academic achievement questions. Subsequently, the independent 
variable was the self-reported frequency of alcohol consumption (i.e., non-drinker to 20-30 days 
per month) and dependent variable was self-reported academic achievement. For the analysis, 
researchers identified and controlled the following potential confounding variables: age, body 
mass index, smoking, breakfast consumption, parental education level, family economic status, 
mental stress, vigorous physical activity (PA), moderate PA, and muscular strength exercises. 
Using SPSS, researchers conducted several multivariate logistic regression analyses to assess 
potential associations between academic achievement and frequency of alcohol consumption, 
amount of alcohol consumed, and the number of days per month of severe alcohol intoxication. 
Results showed adolescents, both boys and girls, who had increased alcohol consumption and 
frequency of severe alcohol intoxication performed academically below average. Among boys, 
the odds of achieving average or higher academic performance decreased with the increasing 
number of days per month of alcohol consumption. However, for girls, the odds of achieving 
average or higher academic performance decreased with any amount of alcohol. Researchers 
concluded that, despite controlling for covariates, academic achievement is inversely related with 
alcohol consumption among adolescents. Furthermore, both boys and girls, who had high levels 
of alcohol consumption, were significantly more likely to have below average academic 
achievement compared to that of non-drinkers. This is an important study to highlight as it aimed 
to identify a relationship between alcohol consumption and academic achievement using a 
nationally, generalizable dataset.  
 Patte, Qian, and Leatherdate (2019) conducted a secondary data analysis study to explore 
the relationship between binge drinking and academic performance and academic engagement 




in Ontario and Alberta, Canada. These randomly selected students in grades 9 to 12 were a part 
of a prospective cohort study, the COMPASS study, which collected hierarchical, longitudinal 
student-level, self-reported data related to multiple health behaviors. Data was collected in a 
three-year span: Year 1 (2012-2013), Year 2 (2013-2014), and Year 3 (2014-2015). Researchers 
relied on the COMPASS student-level questionnaire to measure binge drinking and academic 
variables. Participants were asked how often they engaged in binge drinking, where response 
options ranged from never to daily or almost daily. Researchers measured two different academic 
variables: academic aspirations and expectations and academic performance. To assess academic 
aspirations and expectations, participants were asked what the highest level of education they 
would like to get to and what was the highest level of education they think they would get. For 
academic performance, they were asked for their approximate overall grade in their current or 
most recent classes. The following were identified as covariates and not included in the model: 
student reported gender, grade, race/ethnicity, parental education, low SES, age, tobacco 
cigarette use, and substance use. It is important to note that researchers conducted Spearman rank 
correlation coefficients between the academic variables to investigate any correlations between 
the academic variables. For the statistical analysis, researchers used SAS to determine the 
within-individual associations of each of the academic variables with the binge drinking. To 
account for the multiple categories of binge-drinking status, researchers transformed the 
categorical predictor into multiple dummy variables and calculated their personal means across 
time. Researchers decided to use multinomial GEE models in order to explain the within-
individual associations of each of the academic variables with binge drinking. Furthermore, 
researchers calculated Kendall’s tau coefficients in R package multgee to measure the within-




who went from never binge drinking (at baseline) to regular being drinking (at follow-up) were 
more likely to skip class, have incomplete homework, and disagreed that good grades were 
important to them. From the relative risk ratios, researchers concluded that the increased 
frequency of binge drinking initiation was associated with a lower likelihood of high academic 
performance and engagement. Researchers established that there is a relationship between binge 
drinking and academic performance, where those who initiated binge drinking had poor school 
performance and engagement. This is an important study to highlight as researchers included 
both academic performance and academic engagement to see how they are impacted by alcohol 
use.  
 Mahedy et al. (2018) found weak associations between sustained heavy alcohol use in 
mid-adolescence and impaired working memory. Researchers analyzed data from the Avon 
Longitudinal Study of Parents and Children (ALSPAC).  The study sample included about 3,330 
adolescents, at least 15 years of age, from southwest of England. Three years later, participants, 
at the age of at least 18 years of age, were asked to complete a computer-based survey to collect 
information about adolescents’ alcohol use. Researchers defined “frequent drinking” as at least 
20 times in the previous 6 months of alcohol use and “regular binge drinking” as consuming 
more than five alcoholic drinks in any 24-hour period on at least 20 occasions in the previous 2 
years. Adolescents were asked to complete a computerized of a N-back task, which is an 
assessment for working memory. The task asked participants to match numbers correctly, where 
high scores on the number of hits and d’ indicated that participants had accurate identification 
skills and a greater ability to distinguish signals from noise. For analysis, the exposure variable 
was adolescent alcohol use, and the outcome variable was working memory. The following 




maternal education, sex, smoking, and age. Researchers conducted a series of univariable and 
multivariable linear regression models to investigate the relationship between alcohol use and 
work memory tests (i.e., 2- and 3-back). The work memory tasks were used to ignite prefrontal 
cortex areas, where participants were asked to correctly identify matching numbers and non-
matching numbers that are incorrectly identified as matches were false alarms. Researchers 
identified two outcome measures. The primary outcome, d′, denoted the ability to distinguish 
signals from noise. The secondary outcomes were the number of hits, false alarms, and reaction 
time for hits and false alarms. Researchers used a mixture of univariable and multivariable linear 
regression models via STATA to assess a potential association between the varying levels of 
alcohol exposure and working memory performance. To account for missing data, researchers 
used Inverse Probability Weighting (IPW). Participants were categorized into three different 
groups: low alcohol users, frequent drinkers, and frequent/binge drinkers. Results showed, after 
controlling for sociodemographic confounding variables, there was conflicting and insufficient 
evidence of a relationship between frequent/binge drinking at age 15 years and poorer 
performance on the working memory tasks three years later. Researchers concluded that it is 
unclear to determine the directionality of the association between alcohol consumption and 
working memory due to several potential confounding variables. This is an important study to 
highlight as it provided a contrasting research perspective from other supporting findings that 
suggest a relationship between alcohol use and cognition.  
 In the U.S., marijuana is one of the most commonly used recreational drugs and drug use 
during adolescence (Hamilton et al., 2019; Jackson et al., 2016). It is commonly used and is very 
accessible as it can be taken orally, infused with food, and smoked/inhaled (Johnson et al., 2015). 




Administration (SAMHSA), Center for Behavioral Health Statistics and Quality, and National 
Survey on Drug Use and Health (NSDUH) in 2014, marijuana was the most commonly abused 
and/or depended on among participants from ages 12 to 17 years old (Center for Behavioral 
Health Statistics and Quality, 2015). Marijuana use also known as cannabis use in youth has 
been associated with substance use disorders, initiation of and sustained cigarette smoking, 
mental health issues, neurological development issues, cognition issues, poor academic 
performance and lifetime achievement, and dependence on marijuana (Coffey & Patton, 2016; 
Dugas et al., 2019; Grant & Belanger, 2017; Hall, 2009; Kelshall, 2017). Previous research’s 
findings suggested that marijuana use, especially frequent use, caused irreversible functional and 
structural changes to areas of the brain that is associated with verbal learning, memory, and 
attention (Broyd et al., 2016; Dugas et al., 2019; Grant & Belanger, 2017; Hall, 2009). Similarly, 
long-term use of marijuana is significantly associated with increased respiratory and 
neurocognitive health problems as well as lower functioning and academic achievement (Brooks 
et al., 2008). 
 Marijuana use has been seen to be negatively associated with other health-risk behaviors. 
Dugas et al. (2019) conducted a longitudinal secondary data analysis study of the Nicotine 
Dependence in Teens (NDIT) study data. The study sample included 1294 students, ages 12 to 
13 years, from 10 secondary schools in Montreal, Canada. Participants were asked about 
marijuana use when they were in grade 7 and then again at age 20. Students were asked to 
complete self-report questionnaires at the school every 3 months from grades 7 to 11. The same 
students were contacted again when they were, on average, 20 years old. Researchers analyzed 
the self-reported data from the NDIT. The final data set for analysis included 818 students. 




sociodemographic characteristics, psychosocial indicators, lifestyle indicators, and indicators 
pertaining to smoking in the smoking environment. To measure marijuana use, researchers asked 
how often students have used marijuana in the past 12 months, if they ever used marijuana, 
cannabis, hashish, and when they first used marijuana. Depending on their answers, students 
were grouped into 5 different groups: never users, ever-users but not in the past year, less than 
weekly users, weekly users, and daily users. Researchers used SPSS to perform multivariable 
logistic regression to measure the association between the 23 potential risk factors and daily 
cannabis use. Researchers conducted separate models for each potential risk factor and adjusted 
for sex and age. Results showed that those who used marijuana daily compared to never users 
had high stress levels (i.e., family stress and other stress levels), low self-esteem, high 
impulsivity, higher BMI, and an early use of alcohol, tobacco, and other tobacco products. 
Interestingly, the following characteristics were not associated with daily cannabis use: 
physically active, computer use (hours per week), TV watching (hours per week), team sport 
participation. Researchers concluded that marijuana use was negatively related to other health-
risk behaviors among adolescents.  
Laspada et al. (2019) found an association between marijuana use and verbal learning and 
memory among Chilean young adults, 21year-olds, in Santiago, Chile. Researchers recruited 654 
participants from existing studies to participate in this study to assess marijuana intake and its 
impact on cognition. To measure for marijuana use, participants were asked to complete a survey 
that was administered by clinicians. Participants were asked how often they used marijuana in 
the past 30 days and past year. Researchers categorized users into three groups: frequent users, 
problem-users, and non-problem/never-users. Frequent users were defined as those who used 




at least one problem reported in relationships, school or health. To assess verbal learning and 
memory, researchers used the CogState-International Shopping List (ISL), where participants 
asked to recall a 12-item list in various timeframes. According to the researchers, immediate 
recall was defined as the sum of 3 trial runs and delayed recall was equivalent to one trial run. 
Researchers used SAS and SPSS to conduct univariate and bivariate analyses for descriptive 
statistics. To account for group differences in learning and memory scores, multivariable 
generalized linear models were used. The following confounding variables were controlled for: 
sex, age at substance use assessment, education, binge drinking, and cigarette use. Results from 
the adjusted multivariable analyses, compared to the non-users, the problematic users performed 
worse on the memory tests. Importantly, participants who reported using marijuana for the first 
time and/or before the age of 16 performed worse on the verbal learning and memory tests than 
the participants who were never users and late onset users (i.e., after the age of 16 years old). 
Researchers concluded that marijuana use was very prevalent among the Chilean young people 
and was correlated with poor verbal learning and memory. While this is an international study, 
this is an important study to highlight, as researchers were able to work a large sample with the 
same participants who were infants and now are 21 years of age. Furthermore, researchers 
assessed not only marijuana use but also concurrently for other health-risk behaviors among 
young adults.   
There are studies that suggest positive and/or unclear impacts of marijuana use. Tervo-
Clemmens et al. (2018) conducted a cohort study to assess the association between adolescent 
marijuana use and brain systems that support working memory (WM) in adulthood. Seventy-five 
study participants were recruited from the Maternal Health Practices and Child Development 




60 participants who reported marijuana use and 15 who reported no marijuana use. These 75 
participants have completed longitudinal assessments of marijuana use, spatial WM task at age 
28. Through the MHPCD study, participants provided self-reported data of marijuana use at four 
time points: 14 years old, 16 years old, 22 years old, and 28 years old. As each time point, 
participants were also asked about dosage and frequency of marijuana use as well as when the 
initial onset of marijuana use was. Researchers created three groups based on the age of initial 
onset of marijuana use and total use of marijuana: non-users, cannabis experimenters, and 
repeated cannabis users. Non-users were defined as those who have never used marijuana at any 
of those time points. Marijuana experimenters are those who reported when they started using 
marijuana but no additional marijuana use. Repeated cannabis users were those who reported 
when they started using marijuana and have been continuing to use marijuana. In addition to the 
marijuana use measures, as a part of the MHCPD surveys, extensive demographic and other 
participant data were included. Socioeconomic status (i.e., highest level of education, family 
income), IQ levels, other substance use (i.e., alcohol and cigarette use), and prenatal drug 
exposure (i.e., marijuana, alcohol, and cigarette) were identified as potential covariates. To 
measure working memory, participants completed 96 full trials of a Sternberg type spatial 
working memory task, where reaction and response times were recorded. Researchers used fMRI 
to measure brain activity. Researchers conducted bivariate associations between usage among the 
three groups with the potential covariates and primary variables: age of onset of marijuana use 
and total marijuana use. Welch’s t-test was used for continuous variables. Mann-Whitney U was 
used for substance use measures. Fisher’s exact test was used for categorical variables. Pearson 
correlation was used specifically to analyze the bivariate associations with continuous marijuana 




interactions between WM task conditions and categorical (i.e., the three groups) and continuous 
cannabis measures (i.e., age of onset, total cannabis use). Results showed that early age of onset 
of marijuana use was related with slower reaction times; however, other results showed that 
marijuana users had faster reaction time and higher accuracy than those who never used 
marijuana. In addition, total marijuana use was not a significant predictor of WM. Researchers 
concluded mixed findings where early onset of marijuana use was linked with reduced posterior 
parietal cortex activity, which led to longer reaction times than those who had a later onset of 
marijuana use. Contrastingly, marijuana users, overall, as a group, performed better than those 
who never used marijuana. While it is a small sample size, this is an important study to highlight 
as researchers used longitudinal data of marijuana use and its impact among adolescents.  
 Barthelemy et al. (2019) shared indecisive evidence if memory and learning were 
impacted by marijuana use. Researchers conducted a secondary data analysis of 119 
predominantly African American participants in the Boston metro area, Massachusetts who 
provided longitudinal data. These study participants were participants for another study that 
examined postpartum infant-mother dyads at Boston City Hospital. Researchers created three 
categories of participants: never users (n=26), later initiators (n=31), and early initiators (n=62). 
Later initiators were those who were at least 16 years old when they first tried marijuana. Early 
initiators were those were under 15 years old when they first tried marijuana. To measure 
marijuana use initiation, participants completed self-reported surveys. Similarly, to measure 
recent marijuana use, researchers used self-reported surveys along with urine assays. 
Furthermore, for the young adults (ages 21-24 years old), researchers used a Timeline 
Followback protocol; participants were asked to report the number of days that they used 




administered the Wide Range Assessment of Memory and Learning (WRAML/WRAML2) at 
three stages: Stage 1 Childhood (when participants were 6-8.5 years old), Stage 2 Adolescence 
(when participants were 14.5-16.4 years old), and Stage 3 Young Adulthood (when participants 
were 21-24 years old). Researchers also conducted four memory assessments: structured verbal 
information (story memory), unstructured verbal information (wordlist), structured nonverbal 
information (picture memory), and unstructured nonverbal information (design memory). 
Additionally, researchers used the Wechsler Intelligence Scale for Children III, preadolescent 
WISC-III full scale, and early adolescent Wechsler Abbreviated Scales of Intelligence IQ to 
measure participant’s IQ. In addition, participants provided self-reported information of 
depression, anxiety, and childhood trauma. Researchers used the Beck Depression Inventory-II 
and Beck Anxiety Inventory to assess depressive symptoms and anxiety. Violence Exposure 
Scale for Children Revised was used to examine any lifetime exposure to violent interactions as 
a victim or a witness at the home or in community environments. For analysis, researchers 
conducted multivariable linear generalized estimated equation (GEE) models to determine the 
mean learning differences and trajectories based on marijuana initiation group. Additionally, 
bivariate analyses between intrauterine exposures and WRAML scores from childhood to 
adulthood were conducted to decide whether to include intrauterine exposure levels in the 
models. The final models did not include the intrauterine exposure levels due to weak 
associations between intrauterine exposure levels and WRAML scores. Results showed that 
marijuana onset groups did not significantly vary on WRAML scaled scores of IQ in childhood. 
Similarly, with the WRAML2 subtests, after controlling for account sex and childhood IQ 
variables, groups did not significantly differ in young adulthood. Also, after controlling for the 




and past-week high-risk drinking, there were participants who showed a significantly more 
positive learning trajectory than never users after adolescence. Researchers concluded that while 
there is evidence that memory deficits due to early marijuana initiation and continuation of 
marijuana, there is opposing evidence that memory deficits did not significantly differ in young 
adulthood. Therefore, the impact of early marijuana initiation as well as overall marijuana use is 
inconclusive. This is an important study to highlight as it used longitudinal data of a community 
sample, where participants were followed since birth.  
There may be a co-morbid, bidirectional relationship with marijuana use and affective 
disorders (i.e., depression). Wilkinson, Halpern, and Herring (2016) conducted a secondary data 
analysis study to investigate the longitudinal and possibly bidirectional relationships between 
marijuana use and depressive symptoms from adolescents into young adulthood. Researchers 
used longitudinal data from the National Longitudinal Study of Adolescent to Adult Health (Add 
Health). Add Health included a nationally representative of adolescents who were in grades 7-12 
in the United States. Data collection of in-home interviews occurred in three waves: Wave 1 
(1994-1995), Wave 3 (2001, when students became 18-26 years old), and Wave 4 (2007-2009, 
when students became 24-32 years old). Wave 2 did not occur due to design changes from Wave 
1. The final study sample included 12,288 participants who had provided data in all waves. To 
measure depression, Add health assessments used nine items from the Center for Epidemiologic 
Studies Depression scale (CES-D) at each interview wave. It is important to note that this scale 
was used to measure depressive symptoms and not a tool to diagnosis depression. To measure 
substance use (alcohol drinking, cigarettes, and marijuana), Add Health participants were asked 
how often they consume alcohol in the past year. For cigarette smoking and marijuana, 




were accounted for: race/ethnicity, highest educational level of participant and their parents, and 
age. Researchers used Stata to conduct linear mixed effects models. For all analyses, researchers 
stratified by sex and used longitudinal weights to adjust for nonresponses over time and unequal 
probability of selection into the sample. Results showed that among both males and females, 
increases in depressive symptoms were significantly associated with a later uptake of marijuana 
use. Contrastingly, increases in marijuana frequency were significantly associated with increases 
in depressive symptoms. Researchers concluded that it is unclear the direction of the relationship 
between marijuana use and depressive symptoms. Therefore, researchers also concluded that 
more research is needed to investigate the symbiotic, paired relationship between substance use 
and mental health issues, specifically depression. This is an important study to highlight as it 
offered a contrasting perspective of how the impacts of marijuana use are inconclusive.  
Category 4: Sexual behaviors related to unintended pregnancy and sexually transmitted 
infections (STIs), including HIV infection 
 According to the 2017 national YRBS results, across the United States, many high school 
students reported having engaged in sexual risk behaviors (McManus et al., 2018). These 
behaviors included: ever had sexual intercourse, having sexual intercourse with four or more 
persons, condom use during last sexual intercourse, used contraceptives (i.e., birth pills, IDU, 
patch) before last sexual intercourse, drank alcohol or used drugs before last sexual intercourse, 
and tested for HIV infection. Additionally, HIV infection, STIs, and pregnancies occurred more 
frequently among sexual minority youth than that of nonsexual minority youth in the United 
States. The sexual risk behaviors mentioned above are associated with other health-risk 




educational outcomes (Martizen, Cogen, & Abma, 2011; Ritchwood et al., 2016; Schuster, 
Mermelstein and Wakschlag, 2013).   
 Unintended pregnancy is associated with social and behavioral factors such as lower 
educational level and higher alcohol consumption (Panova et al., 2016). Researchers conducted a 
cross-sectional study to identify and assess factors related to unintended pregnancy among 145 
female adolescents, aged 15 to 19 years, in Russia. These female adolescents were recruited from 
a youth-friendly clinic in St. Petersburg, Russia. The study sample was separated into two 
groups: pregnant participants and non-pregnant participants who were sexually active (i.e., the 
control group). Participants were asked to complete a paper-and-pencil, anonymous 
questionnaire in separate rooms. The survey included the following items: occupation, 
educational level of their mother, family structure and socioeconomic status, relationship with 
their mother, sexual behavior, and substance use. For analysis, the responses were dichotomized.  
Researchers used bivariate analysis to compare the pregnant and non-pregnant groups in the R 
Foundation for Statistical Computing. Additionally, researchers used Chi Squared test for 
categorical variables comparison and a t-test for continuous variables.  The final model was 
created after using the Bayesian Information Criterion as it created the most parsimonious final 
model. Results showed that adolescents who were pregnant had a lower educational level, had 
more frequent sexual intercourse, had more alcohol consumption, and started sexual interactions 
at an earlier age than that those who were not pregnant. Furthermore, those who were pregnant 
were significantly less likely to attend high school and more likely to have low grades compared 
to those who were not pregnant. Also, interestingly, females who had unwanted pregnancies 
were significantly more likely to have had sexual interactions earlier in life and more frequent 




status and academic grades were related with pregnancy among female adolescents in St. 
Petersburg. While this is an international study, it is an important study to highlight as it aimed to 
show a possible connection between pregnancy and social and behavioral factors among young 
females. Additionally, this study provided an introduction of other potential factors that may 
influence as well are associated with adolescent pregnancy: mother’s education level and family 
settings and attitudes.  
 Truancy is related to teenage pregnancy among young people (Zhou, Puradiredja, & Abel 
et al., 2016). Researchers aimed to examine the relationship between truancy and teenage 
pregnancy as well as the use of truancy as a marker of teenagers at risk of pregnancy. For this 
study, researchers recruited 3,837 female teenagers, ages 15 years old to 19 years old, in 
England. These female teens were a part of the Longitudinal Study of Young People in England 
(LSYPE), which was a prospective cohort study in 2004 that used a nationally representative 
sample of approximately 15,500 adolescents in England. Researchers of LSYPE collected 
health-risk behavior data of adolescents in England from 2004 to 2009. Each year was defined as 
a survey wave. Zhou, Puradiredia, and Abel (2016) dichotomized the outcome variable into two 
groups: pregnant and not pregnant. To measure truancy, students were asked how often they 
missed school without permission, even if it was for only a half-day or a single lesson.  To 
measure other risk behaviors such as alcohol consumption and cannabis use, researchers relied 
on the LSYPE collected data. The following covariates were adjusted for: ethnicity, future 
educational intentions, parental socioeconomic status, and family composition at age 16. Via 
STATA, Researchers conducted descriptive statistics and logistic regression to estimate the 
associations of teenage pregnancy status with other variables. Crude models were created and 




truancy and teenage pregnancy after taking into consideration of the covariates. Also, researchers 
produced receiver operator curves (ROC) to assess how useful truancy is a marker or predictor 
for future teenage pregnancy. Results showed a dose-response association with teenage 
pregnancy. This was found after adjusting for: ethnicity, future educational intentions, parental 
socioeconomic status, and family composition at age 16. Interestingly, students who were truant 
at 15 were associated with increased odds of ever being pregnant before 19 years old. In the fully 
adjusted model, the results suggested that those who were truant and became pregnant were more 
likely to participate in other health-risk behaviors such as alcohol consumption and marijuana 
use. Researchers concluded that there is an independent relationship between truancy and 
teenage pregnancy. Additionally, researchers concluded that while there is a relationship 
between truancy and teenage pregnancy, other risk behaviors (i.e., alcohol consumption and 
marijuana use) were stronger predictors of teenage pregnancy than truancy. This is an important 
study to highlight as researchers conducted the first secondary data analysis study in England to 
investigate the possible relationship between truancy and teenage pregnancy among English 
teens. 
 Due to HIV stigma, adolescents’ who are HIV-positive may be associated with worsened 
mental health outcomes as well as consequent adverse impacts on their treatment regiments, 
health outcomes, and overall quality of life (Kinyanda et al., 2017). Ashaba et al. (2018) 
conducted a cross sectional study to examine associations between internalized HIV stigma, 
bullying, major depressive disorder, and suicidality among adolescents. From the HIV clinic, a 
part of the Mbarara Regional Referral Hospital and the Mbarara University of Science and 
Technology, researchers recruited 224 adolescents living with HIV (ALWH), ages 13 to 17 years 




such age, sex, level of schooling, duration on antiretroviral therapy, caregiver/family structure, 
whether the student attended a day or boarding school. To measure mental disorders, HIV 
stigma, and bullying victimization, researchers used the Mini International Neuropsychiatric 
Interview for Children and Adolescents (MINI-KID, version 6), the Internalized AIDS-Related 
Stigma Scale, and the Social and Health Assessment Peer Victimization scale. The MINI-KID is 
a structured diagnostic interview, which followed a module of two screening questions, seven 
questions related to depression symptoms, and one question related to functional impairment. 
Additionally, the suicidality module asks questions about suicidal ideation, planning, and 
attempts over the past month. The Internalized AIDS-Related Stigma Scale is a six-item scale, 
which focused on self-blame and concealment of HIV status. Response options were 
dichotomous: agree or disagree. The Social and Health Assessment Peer Victimization Scale was 
adapted from the Multidimensional Peer Victimization Scale. The scale included two items 
measuring physical bullying in victimization, two items measuring verbal bullying victimization, 
two items measuring relational bullying victimization, two items measuring experience of 
property damage and theft, and one item to assess invasion of physical space. The response 
options were based on a four-point Likert-type scale. Researchers used Strata to conduct 
bivariate analyses and logistic regressions to assess the associations between major depressive 
disorder and suicidality. Results showed nearly all participants had some level of internalized 
HIV stigma. Major depressive disorder and high-risk suicidality were statistically significant 
associated with bullying. Researchers concluded that internalized HIV stigma and bullying were 
associated with major depressive disorder and high-risk suicidality. There are limited studies that 
primarily focus on depression and suicide ideation among adolescents living with HIV. 




 Sexual risk behaviors have been associated with adolescent obesity. According to a study 
in 2018, Lott, Sung, and Lee discovered a relationship between sexual intercourse and obesity 
among adolescents in Mississippi. Researchers conducted a secondary data analysis study and 
used the 2013 and 2015 Mississippi YRBS. The combined dataset included 3,738 students in 
grades 9 to 12. To measure sexual risk behaviors among young people, researchers isolated the 
sexual risk behavior questions in the YRBS, specifically the two questions, which asked if they 
ever had sexual intercourse and if they or their partner used a condom when they last had sexual 
intercourse. To measure obesity among young people, participants provided self-reported height 
and weight. Researchers used SAS to conduct Rao-Scott chi-square tests and multiple logistic 
regression analyses using PROC SURVEYLOGISTIC and PROC SURVEYFREQ. To adjust for 
school and student nonresponse, sex, grade, and race/ethnicity, researchers used a weighting 
factor in the YRBS data. Prevalence rates were adjusted and weighted. The following covariates 
were controlled for: gender, race, and grade. Results showed no relationship between sexual 
intercourse and obesity for female adolescents, there was a relationship between sexual 
intercourse and obesity for male adolescents. In addition, researchers found there was no 
difference in condom use among all grade levels. However, male students were found to be more 
likely to have sexual intercourse and use condoms than female students. It is inconclusive to 
determine the direction of causality: whether obesity influences sexual risk behaviors or if sexual 
risk behaviors influence obesity. However, researchers determined there was a connection 
between sexual intercourse and obesity. Specifically, researchers concluded obese high school 
students in Mississippi were more likely to engage in more sexual intercourse than non-obese 




to be conducted that focused on obesity and sexual activity among young people in Mississippi. 
Furthermore, researchers used two consecutive cycles of YRBS data: 2013 and 2015.  
 While there is literature that question the direction of causality, whether certain health-
risk behaviors may impact sexual risk behaviors and vice versa, there are no opposing research 
that claims there are no impacts of exhibiting sexual risk behaviors. 
Category 5: Unhealthy Dietary Behaviors 
 Breakfast consumption has been consistently associated with health outcomes, 
specifically with positive outcomes for diet quality, micronutrient intake, and weight status and 
lifestyle factors. There is emerging literature that proposes that breakfast consumption may 
positively affect learning in children in terms of behavior, cognition, and school performance. 
Cognitive, behavioral, and academic outcomes are not independent. Changes in cognitive 
performance are likely to be reflected by changes in behavior (Adolphus et al., 2013).  
 Most recently, Adolophus et al. (2019) conducted a cross-sectional study to investigate 
the association between habitual school-day breakfast consumption frequency and academic 
performance among 294 randomly selected, secondary school students, ages 16 to 18, in West 
Yorkshire, United Kingdom. To identify school-day breakfast consumption frequency, 
researchers asked participants to complete a retrospective 7-day food diary, which required 
participants to share all food and beverages consumed for breakfast for 7 days. Researchers 
defined three different levels of breakfast consumption frequency: rare (0-1 school days), 
occasional (2-3 school days), and frequent (4-5 school days). To assess academic outcomes, 
researchers utilized the General Certificate of Secondary Education (GCSE) Mathematics and 
English scores. In addition, participants were asked to complete a self-reported written 




parent/guardian education level, and socio-economic status. Researchers also measured 
participants’ height and weight in order to calculate body mass index (BMI) scores. Using SPSS 
version 21, researchers performed hierarchical linear regression to assess the connection between 
habitual school-day breakfast consumption and GCSE scores. For all analyses, frequent habitual 
school-day breakfast consumption was the reference category. In addition, researchers conducted 
ordinal logistic regression to understand the relationship between habitual school-day breakfast 
consumption and specifically Mathematics and English GCSE grades. The following variables 
were controlled for in all analyses: ethnicity, age, sex, socio-economic status, and BMI scores.  
Findings showed that there was no significant relationship between habitual school-day breakfast 
consumption and English grades. However, results showed students who indicated low/middle 
socio-economic status and rarely consumed breakfast were less likely to achieve higher 
Mathematics grades than that of low/middle socio-economic status and frequently consumed 
breakfast. While this is an international study and involves a small sample size, it provides 
supportive evidence to continue the efforts on school breakfast access and consumption as a way 
to improve students’ academic achievement.  
While literature that suggest the potential association between breakfast consumption and 
academic achievement may seem recent, the study of breakfast consumption and its impact 
among youth has been very prominent. Hoyland et al. (2009) identified 45 studies on the effects 
of breakfast on objectively measured cognitive performance in the period of 1950–2008 in their 
systematic review. All 45 studies suggested that breakfast consumption is more beneficial than 
skipping breakfast to cognitive outcomes.  The studies from Hoyland et al.’s (2009) systematic 
review did not demonstrate ecologically outcomes of in-class or at school behavior and academic 




articles and reviews published from 1950 to 2013 to identify the effects of breakfast consumption 
on behavior and academic performance in children and adolescents. Databases included: Ovid 
MEDLINE, Pubmed, Web of Science, the Cochrane Library, EMBASE databases and 
PsychINFO. The search words included: “school breakfast” or “breakfast” combined with: 
“academic performance”, educational achievement”, “concentration”, “attention”, “school 
achievement”, and “school grades”. Studies were limited to outcomes of children and young 
people who are less than 18 years of age. A total of 36 studies were reviewed where fourteen 
intervention and experimental studies specifically examined the association of breakfast and 
behavior; seventeen studies examined the association of breakfast and academic performance 
measures, and five studies investigated the impact of breakfast of both behavior and academic 
performance. There were inconsistent findings where, out of the fourteen studies, seven 
demonstrated a positive effect of breakfast on on-task behavior and the remaining studies either 
showed a negative effect of a school breakfast program in undernourished children and/or no 
effect of breakfast composition on behavior. Twenty-one studies suggested that routine 
breakfast, in frequency and quality, and school breakfast programs have a positive effect on 
children and adolescents’ academic performance. One study demonstrated that there was no 
effect between school breakfast consumption and academic performance.  
 In a 1989 3-month intervention study, Meyers and fellow researchers tested a hypothesis 
to assess whether participation in the School Breakfast Program was associated with 
improvements in standardized achievement test scores and with rates of absences and tardiness 
(Meyers et al., 1989). Participants were 1023 students in grades 3 through 6 (ages 8 -12) from 16 
public schools in Lawrence, Massachusetts. Changes in scores on a standardized achievement 




implementation for students participating in the program were compared with those of students 
who also qualified but did not participate. Controlling for other factors, participation in the 
School Breakfast Program contributed positively to the 1987 Comprehensive Tests of Basic 
Skills score. These findings suggested that participation in the School Breakfast Program was 
associated with significant improvements in academic functioning among low-income 
elementary school students (Meyers et al., 1989). 
 Similarly, almost a decade later, in a 1998 four-month intervention study conducted by 
Murphy and fellow researchers, they questioned whether a relationship exists between 
participation in a school breakfast program and measures of psychosocial and academic 
functioning in school-aged children in Philadelphia, Pennsylvania and Baltimore, Maryland 
(Murphy et al., 1998). Using a mixed method, pre and post-test approach, using existing school 
record data, and in-depth interviews with parents and children, Murphy et al. investigated a 
possible relationship. The study design included implementation of a Universally Free (UF) 
breakfast school program in1 public school in Philadelphia, Pennsylvania and 2 public schools in 
Baltimore, Maryland. Data included participation in the school breakfast program, school records 
data (i.e., attendance, grades, etc.), and in-depth interviews with parents and students before and 
after UF breakfast participation. Of the 3 schools, there was a total enrollment of 1,627 students. 
Of the 1,627 students, 240 students were already eating a school-supplied breakfast daily. There 
was an interview sample of 133 low-income students. After implementing the UF breakfast 
program, 429 students in the three schools were participating in the school breakfast program 
daily. The school breakfast included milk, bread, muffin, fruit, and juice. Both cross-sectional 
and longitudinal data from this study provided strong evidence that higher rates of participation 




functioning on a broad range of psychosocial and academic measures. Students who increased 
their participation in the school breakfast program had significantly greater increases in their 
math grades and significantly greater decreases in the rates of school absence and tardiness than 
children whose participation remained the same or decreased.  Furthermore, prior to the 
introduction of the UF breakfast program, students who ate a school-supplied breakfast often or 
sometimes had significantly higher math scores than children who ate a school-supplied 
breakfast rarely or never (Murphy et al., 1998). 
 Breakfast skipping is highly prevalent in the United States and Europe (10% to 30%), 
depending on age group, population, and definition (Rampersaud et al., 2005). This is aligned to 
Basch (2011) where he made the claim that skipping breakfast has a negative impact on 
academic achievement by adversely affecting cognition and absenteeism in both children and 
adolescents. Student participation in school breakfast programs such as the US Department of 
Agriculture’s School Breakfast Program has been shown to be associated with increased 
academic grades and standardized test scores, reduced absenteeism, and improved cognitive 
function, whereas skipping breakfast has been associated with decreased cognitive performance 
among students. It has been suggested that breakfast consumption may improve cognitive 
function related to memory, test grades, and school attendance. (Rampersaud et al., 2005)  
So (2013) analyzed data from the Korea Youth Risk Behavior Web-based Survey in 
2011, which included 75,453 adolescents from grades 7 to 12. To assess the association between 
breakfast consumption and academic performance, multivariate logistic regression analysis was 
conducted. Covariates (i.e., age, BMI, frequency of smoking, frequency of drinking, parents’ 
education level, family economic status, frequency of vigorous physical activity, frequency of 




were controlled. The results showed increased odds of high academic achievement in girls and 
boys who had a regular consumption of breakfast every day. Male students who ate breakfast 
five days per week experienced improved academic performance compared with those who did 
not eat breakfast. Among female students, positive associations were seen with as few as two 
breakfasts per week. 
 Breakfast consumption has been consistently associated with health outcomes and 
cognitive functioning in school children (Littlecott et al., 2016). In a 2016 study, Littlecott et al. 
examined the relationship between children’s (aged 9 to 11) breakfast consumption their 
subsequent exam results (obtained 6-18 months later) in Wales. At baseline, there were 3093 
students and at follow up, there were 3055 students. A secondary data analysis was conducted to 
examine whether better educational outcomes were achieved in schools receiving the free school 
breakfast intervention during the trial period. Educational outcomes were defined as cognitive 
performance in episodic memory, visual searching, and concentration. The association observed 
between healthy breakfast items and SATs scores at baseline and follow-up is consistent with an 
emerging body of research which suggests that a breakfast consisting of foods with a lower 
glycemic index, which release energy steadily throughout the morning, may have a positive 
effect on students’ cognitive functioning, health, school attendance and academic outcomes.  
 Evidence regarding possible associations to educational outcomes remains equivocal. 
While there is promising literature that suggests there may be a relationship between breakfast 
consumption and student academic achievement, there is literature with ambivalent views. There 
have been several inconsistencies and ambiguity over how breakfast and/or breakfast 
consumption is defined in terms of frequency, time of day and quality (Rampersaud et al., 2005). 




larger population (Adolphus et al., 2013). The intervention duration is particularly important in 
relation to academic performance because it is likely that a stable period of operation is needed 
to impact both breakfast eating behavior and academic outcomes. There are two studies that, 
after following up a 1-year school breakfast program, reported no increase in the total number of 
children eating breakfast or that eating breakfast impacted school performance. The increase in 
school performance reported in studies that do not impact breakfast eating behavior is likely to 
be an artifact of other outcomes.  
 Ni Mhurchu et al. (2013) conducted a 1-year stepped wedge cluster randomized control 
trial study of 424 students aged 5-13 years old from 14 primary schools in New Zealand.  It is a 
one-year intervention. The free school breakfast program included low sugar ready to eat cereal, 
low fat milk, bread, spreads (honey, jam, and margarine), chocolate flavored milk powder, and 
sugar. A generalized linear mixed model was used for categorical outcomes, and a linear mixed 
model was used for continuous outcomes, adjusting for age, gender, and ethnicity. The cluster 
effect by school and correlation between repeated measurements on the same child over time 
were taken into account in the multilevel analysis. Random-effect mixed models were fitted to 
account for missing data based on the assumption that data were missing at random. Using the 
PISA 2000 data and the biannual standardized tests administered to all New Zealand students for 
literacy and mathematics, results indicated that there were no significant effects on achievement 
tests, self-report reading ability or attendance.  
 Miller et al. (2012) conducted a prospective cohort study in the United States and 
collected national data in five waves: 1999 (pre-school), 2000 (grade 1), 2002 (grade 3), 2004 
(grade 5), and 2007 (grade 8) to investigate the association between the frequency of family 




15. After adjusting for an extensive number of cofounders (i.e., gender, ethnicity, family SES, 
parental education, family income, parental job prestige, family structure, area of residence, 
language, maternal employment during preschool, birth weight, teaching quality, school quality, 
region of residence, parental working hours, single parent family), results from a fixed effects 
model, indicated that there was no significant association between frequency of family breakfast 
and scores on standardized achievement for reading, mathematics, and science.   
 All the of the studies mentioned above share the similar study limitations where the 
definition of “breakfast” and/or “breakfast consumption” was not standardly defined, the types of 
breakfast provided to students varied, general breakfast program logistics were not controlled 
(i.e., time, location, delivery), and student selection.  This literature shows that focusing on a 
single health behavior such as eating breakfast does not produce large or consistent effects on 
educational outcomes. 
 Sugar Sweetened Beverages (SSB) includes but not limited to fruit juices, soda or pop, or 
sports drinks. SSB are the primary source of added sugars in the American diet and are a 
significant source of calories among both children and adults. Continued suggestive evidence 
focus on the relationship between SSB consumption and the following negative health outcomes: 
weight gain, cardiovascular risk factors, insulin resistance, type 2 diabetes, and non-alcoholic 
fatty liver disease (Bleich and Vercammen, 2018). Moreover, SSB consumption is viewed as a 
public health and health promotion issue as added sugar hinders the proper growth and 
development among adolescents (Kit et al., 2013; Paglia et al., 2016).  
  There are limited studies that have explored and analyzed the independent impact of 
sugar sweetened beverage consumption on academic performance. However, there are several 




performance. Park et al. (2012) conducted a cross-sectional study using data from a nationally 
representative sample of US high school students to examine the association of demographic 
characteristics, weight status, self-reported grades, and behavioral factors with sugar-sweetened 
soda intake. This secondary data analysis was based on the national Youth Risk Behavior Survey 
(YRBS) 2009, which included a final sample of 16,188 students in grades 9 to 12. Logistic 
regression analyses showed drinking a soda at least once daily was associated with the increased 
likelihood of mostly B, C, or D/F grades compared with mostly “A” grades. Interestingly, the 
significant associations show that soda consumption may be connected with inadequate sleep, 
sedentary behaviors, and cigarette smoking. SSB consumption may be a marker of a poor overall 
diet and has been associated with other less healthful behaviors, such as getting fewer than eight 
hours of sleep per night and being sedentary. 
Edwards, Mauch, and Winkelman (2011) compared SSB consumption with academic 
performance among 800 sixth-grade students and found that those who consumed fewer sugar-
sweetened beverages had higher mean math and reading test scores. All 800 students completed 
an adapted Youth Risk Behavior Surveillance Survey and fitness assessments, where those 
results were matched to standardized math and reading scores. The dependent variables were 
mean math and reading scores and the independent variables were: specific categories of 
Nutrition and Physical Activity behaviors, fitness measures, and gender. Using a stepwise 
multiple regression analysis, associations were determined between math and reading scores, 
nutrition and physical activity behaviors, fitness, and BMI categories. To impute any missing 
values, mean substitution was used. Potential confounding factors such as socioeconomic status 
(SES) and meal price were not controlled. Results showed that positive healthy behaviors (i.e., 




being fit) were associated with higher math scores. Additionally, higher reading scores were 
associated with more physical activity and less SSB consumption.  
 Ickovics et al. (2014) collected self-reported survey data from a final sample of 940 
students in grades 5 and 6 from 12 randomly selected schools in an urban district. The survey 
data stems from a health index. The health index included 14 diverse health assets from 4 
domains: physical health, health behaviors, family environment, and psychological wellbeing. 
The final index is an additive score (from 0 to 14), where higher scores indicated more health 
assets. Along with the self-reported survey data, data from the school district administrative 
database were included in the analysis: standardized test scores, physical fitness test scores, 
number of days absent, age, race/ethnicity, sex, and qualification for free/reduced school lunch 
program. Standardized test scores on the Connecticut Mastery Test (CMT) and Connecticut 
Academic Performance Test (CAPT) were measures of academic achievement. Using STATA, 
cluster analyses were conducted. To test the bivariate associations between individual health 
index items and academic achievement, unadjusted logistic regression was used. Furthermore, 
multivariate logistic regression models were used to assess the association between academic 
achievement and the health index where demographic characteristics, absenteeism, and school of 
enrollment were adjusted. Exhibiting multiple health behaviors was significantly associated with 
academic achievement. Health assets that were significantly associated with achieving goal or 
above on standardized tests included: having a health weight, passing state physical fitness tests, 
low SSB consumption, meeting physical activity recommendations, limited screen time, never 
smoked, limited fast food consumption, had at least 30 days of food security, does not have a TV 
in the bedroom, does not have anxiety/depression symptoms, has quality sleep, and feels safe in 




were 2.2 times more likely to perform at goal or above on standardized tests for reading, writing, 
and mathematics than students with medium level (6 to 8) health assets.  
 McIssac, Kirk, and Kuhle’s (2015) conducted a secondary data analysis of data from a 
population-based survey of students (n=670) in grades 4 to 6 (ages 9 to 12) and their respective 
parents in Nova Scotia, Canada. The Canadian version of the Harvard Youth Adolescent Food 
Frequency Questionnaire (YAQ) was distributed to collect self-reported data on diet quality. To 
examine the associations between health behaviors and academic performance, researchers 
conducted multiple logistic regression models where school was the random effect. The primary 
outcome was academic performance for Mathematics and English Language Arts (ELA) where 
grades (i.e., “A”) were give numeric value (i.e., “1”). Regression models were adjusted for 
household education, income, and energy intake. Other covariates used in the analysis were 
gender, area of residence, and body mass index categorization. Researchers found significant 
associations for diet quality, physical activity, and sugar sweet beverage consumption and 
English Language Arts (ELA) exam performance.  
 More recently, Burrows et al. (2017) analyzed longitudinal data among Australian 
students aged 8 to 15 years from NAPLAN tests that are developed and managed by the 
Australian Curriculum and Reporting Authority and data on five dietary variables (fruit intake, 
vegetable intake, consumption of takeaway meals (i.e., fast food), sugar sweetened beverages; 
and breakfast). The final sample and dataset included: NAPLAN and dietary data of third graders 
(n=1185), fifth graders (n=1053), and ninth graders (n=860). Descriptive statistics and linear 
mixed models were used where the combination of the two variables (diet and school grade) was 
the primary model and additional variables were added to each model as fixed effects. Using 




significant main effects and interactions as well as Cohen’s d for effect sizes. Results showed 
that increased consumption of SSB was associated with significantly lower test scores in reading, 
writing, grammar/punctuation and mathematics. 
 Existing literature imply that SSB consumption may impact other health and behavioral 
issues (i.e., obesity, hypertension, dental caries). Subsequently, these issues are associated with 
attention, cognition, and performance tasks. Pase et al. (2017) suggested SSB consumption may 
negatively impact brain health. Researchers examined cross sectional data, including magnetic 
resonance imaging (MRI) scans and cognitive testing results, from roughly 4,000 people enrolled 
in the Framingham Heart Study’s Offspring and Third-Generation cohorts. Dietary information 
was collected from self-reported Food Frequency Questionnaire (FFQ) data.  For episodic 
memory examination, Logical Memory Immediate and Wechsler Memory Scales were utilized. 
For brain and hippocampal volume assessment, structural brain MRI tests were conducted. Using 
SAS, multivariable liner and logistic regression models were conducted to examine the 
associations between the dietary variables and the MRI and neuropsychological outcomes. No 
missing data were used. Researchers adjusted for age, sex, total caloric intake, and the time 
interval between completion of the FFQ and the measurement of the imaging/neuropsychological 
outcomes, and educational level. Among that “high intake” SSB group, researchers found 
multiple signs of accelerated brain aging, including smaller overall brain volume, poorer episodic 
memory, and a shrunken hippocampus, all risk factors for early-stage Alzheimer’s disease. 
Furthermore, researchers concluded that higher intake of SSB is significantly associated with 
lower total brain volume and lower performance on episodic memory tests.  
 There is growing clinical and epidemiological research that suggests a strong association 




2018). T2DM may be negatively associated with cognition (Brady et al., 2017). Brady et al. 
(2017) conducted a cross sectional evaluation with 40 participants (20 obese adolescents with 
T2DM and 20 healthy adolescents) aged between 12 to 18 in Cincinnati, Ohio. These 40 
participants are a part of the Cincinnati Magnetic Resonance and Imaging of Neuro-
Development longitudinal study (CMIND). T2DM was defined by the American Diabetes 
Association guidelines. Comprehensive cognitive, behavioral, and academic assessments were 
administered: Wechsler Intelligence Scale (WISC), Development Neuropsychological 
Assessment (NEPSY), Wide Range Assessment of Memory and Learning (WRAML), Behavior 
Rating Inventory of Executive Function (BRIEF), and Woodcock-Johnson Letter Word, 
Calculation, Comprehension, and Word Attack scales. Using SAS, Pearson correlation was used 
to analyze the associations between cognitive tests and body mass index (BMI), diabetes 
duration (in years), and glycemic control (hemoglobin A1c). Having 20 students in each group, 
researchers had 96% power to find a difference using a 2-sided test and Type 1 error of 0.05. 
Results show that adjusting for race, the obese adolescents with T2DM scored significantly 
lower on the cognitive and behavioral tests than the healthy adolescents.  
 Hypertension has a strong correlation to obesity. Therefore, if SSB consumption 
contributes to a higher risk of hypertension then this may also lead to obesity and ultimately 
obesity can negatively affect cognition (Poh et al., 2019; Wang et al., 2015). Mansouri et al. 
(2019) conducted a cross sectional study, which is a part of the large scale Mental and Physical 
Health Assessment of University Student (MEPHASOUS) study. Participants included 66,634 
university students, at least 18 years of age, from all provinces of Iran. Students provided self-
reported dietary habits, systolic blood pressure (SBP) data, and diastolic blood pressure (DBP) 




to 3 times per week, and more than 3 times per week. Researchers defined hypertension as SBP 
greater and/or equal to 140 and DBP greater and/or equal to 90. Results showed that students 
who were in the top category of SSB consumption were more likely to have hypertension than 
students in the other SSB consumption categories. Furthermore, these students had 2.17 times 
greater odds of hypertension compared with those in the lowest category of SSB consumption. 
Stratified analysis based on gender status suggests a significant association in males and females 
between SSB consumption and hypertension.  
 There is ongoing literature that supports the relationship between SSB consumption and 
dental caries.  This may contribute to additional health problems (i.e., tooth loss, reduced quality 
of life, impaired eating), and those health issues may, in turn, impact academic achievement (Chi 
& Smith, 2019; Smith and Holloman, 2014). Wilder et al. (2016) conducted a secondary data 
analysis to assess the association between SSB consumption and caries experience. SSB 
consumption data was obtained from the 2010-2011 Georgia Third Grade Oral Health Study, 
including 2,944 students aged 8 and 9 from all public elementary schools in Georgia. The final 
data was weighed for probability of selection and for nonresponse. Trained oral health staff 
members at the school collected dental health data and screened for students who had a “caries 
experience”: untreated decay, treated tooth decay, evidence of fluorosis, and/or evidence of at 
least one sealant. Using STATA, researchers conducted univariate analyses to describe the 
distribution of all variables within the sample. Bivariate analyses identified variables that were 
significantly associated with SSB consumption. Log binominal regression was used to estimate 
crude and adjusted prevalence ratios for the association between SSB and presence of caries. The 
final model did not include any covariates that were not conceptual confounders and not 




approximately two servings per day.  Caries experience increased 22% for every additional 
serving of SSB per day. After adjusting for covariates, Wilder et al. (2016) concluded that higher 
SSB consumption is associated with higher caries prevalence among Georgia third graders. 
 While many existing studies support the notion that SSB consumption may lead to other 
health concerns, which can ultimately impact cognition and performance tasks, Del-Ponte et al. 
(2019) offered contrasting findings. Researchers evaluated the association between sugar 
consumption (sucrose) and attention - deficit/hyperactivity disorder (ADHD) in children aged 
between 6 to 11 in Pelotas, Brazil. Data was used from the 2004 Pelotas Birth Cohort Study in 
Brazil. Data was collected at the perinatal follow up, at the age of 6 years, and then at the age of 
11 years. The final sample consisted of 3566 participants. To capture SSB consumption, the 
Food Frequency Questionnaire (FFQ) was distributed twice: first at the age of 6 and at the age of 
11. To assess for ADHD, the Development and Well Being Assessment (DAWBA), Diagnostic 
and Statistical Manual of Mental Disorders (DSM) and the International Classification of 
Diseases (ICd-10) were used. Odds ratios with 95% confidence intervals were calculated.  
Confounding variables such as number of siblings living in the same home, hours of sleep at 
night, and BMI were controlled. In subsequent cross-sectional analyses, at the follow up age of 
11, results, in either crude or adjusted analyses, showed no significant association between 
sucrose consumption and incidence of ADHD.  
 Inadequate hydration is a prevalent and understudied health problem among US children 
and adolescents, particularly boys, non-Hispanic Blacks, and Hispanics (Kenney et al., 2015). It 
is unclear as to why children and adolescents are not getting enough hydration. (Hood et al. 
2014) To maintain a body water balance, the National Academy of Sciences recommends 




adolescents aged 14 to 18 years at 3.3 liters per day for boys and 2.3 liters per day for girls (US 
Department of Agriculture, 2016). In conjunction with the National Health and Nutrition 
Examination Survey (NHANES) from 2009 to 2012, Kenney et al (2015) evaluated nationally 
represented, self-reported data on health indicators from 4134 participants (US children and 
adolescents) from ages 6 to 19 years old. NHANES staff collected urine samples, measured body 
weight and height, and collected 24-hour recall beverage intake data from students. Beverage 
intake was defined into 6 different categories: plain water (i.e., tap water, drinking fountain water 
or water cooler, bottled water, and/or spring water); sugar sweetened beverages (i.e., sport 
drinks, flavored waters, coffee or tea drinks, and not 100% juice drinks); milk (i.e., cow’s milk, 
soy milk, rice milk, flavored, and unflavored milk); 100% juices; diet beverages (i.e., beverages 
with non-caloric sweeteners), and unsweetened coffee or tea. Missing data were excluded from 
the analysis. Using PROC SURVEYMEANS, PROC SURVEYFREQ, and PROC 
SURVEYLOGISTIC, Kenney et al. (2015) estimated population means of urine osmolality and 
beverage intake. Multivariable regression models were used to estimate the associations between 
demographic factors, beverage intake, and hydration status. Age, race/ethnicity, gender, and 
income variables were controlled. Researchers concluded more than half of the student 
population was inadequately hydrated. This is the first study that examined the prevalence of 
inadequate hydration among US children using nationally representative data. 
 Drinking enough water is essential for physiological processes such as circulation, 
metabolism, temperature regulation, and waste removal. Mild dehydration can cause issues, 
including headaches, irritability, poorer physical performance, and reduced cognitive functioning 
(Schwartz et al., 2016). Schwartz et al. (2016) conducted a quasi-experimental study to assess the 




elementary school and middle schools. Researchers decided to place water jets (the intervention) 
to help increase water consumption in New York City schools as an approach to promote child 
health and decrease the prevalence of childhood obesity. Water jets are defined as electronically 
cooled, large clear jugs with a push level for fast dispensing. The study sample included 1,227 
New York City public elementary and middle schools and 1,065,562 students from those 
participating schools. Charter and special education schools were excluded. Out of the 1,227 
participating schools, 483 received a water jets and 774 did not receive a water jet. 
Anthropometric measures and BMI data were collected and measured by New York 
FITNESSGRAM trained Physical Education (PE) teachers and trained study staff. In addition, 
milk purchase data was collected and provided by the New York City Department of Education 
Office of School Food. The importance of this study is focused on how a low-cost water 
intervention positively affected student weight. To measure the impact of the water jets on 
students’ BMI, overweight, and obesity, researchers utilized a difference-in-difference strategy, 
which compared outcomes for treated and non-treated students before and after exposure of the 
water jets. “Treated” students are students who have spent 60 or more cumulative school days in 
a school with a water jet. Using STATA, researchers conducted t-tests to compare school-level 
characteristics for water jet schools and non-water jet schools. To estimate the impact of water 
jets on BMI z-scores, an ordinary least squares model controlling for student characteristics and 
school fixed effects was used. Using a linear probability model with school fixed effects and 
student fixed effects, similar models estimated the impact on water jets on overweight and 
obesity. Schwartz et al. (2016) observed a significant main effect of water jets on the likelihood 
that a student was overweight and/or obese as well as on standardized BMI; water jets were 




 Previous intervention studies have found suggestive evidence that the cognitive abilities 
of children improved in response to water consumption. One of the most referenced studies, 
Edmonds and Jeffes (2009) conducted a quasi-experimental study to examine whether drinking 
water improved cognitive performance. Researchers established three specific aims for this 
study: confirm previous studies’ findings that suggested water intake impacts cognitive 
performance among children in their natural hydrated state; relative to baseline and the control 
group, assess children’s cognitive function before and after water consumption, and introduce 
additional assessments for cognition and mood. The study participants included 23 children aged 
6 and 7 years from a class in a public school in East London, UK. The children were randomly 
assigned into two groups: group 1 (no water group) and group 2 (water group). The study design 
included baseline and retests to assess cognitive function before and after water intake. To 
measure mood, students were asked about their thirst and happiness levels. To examine 
cognition, students completed visual attention, visual memory, visual search, visuomotor 
performance exams. At baseline, before any water intake, all tasks were provided. After 40 
minutes from baseline testing, group 1 (no water) left the room, and the remaining students 
(group 2) were given a 500ml bottle of water. After 45 minutes, group 2 was tested again for 
mood and cognition. Researchers conducted several ANOVAs to analyze group differences (i.e., 
no water group versus water group) in difference scores (i.e., at baseline and after water intake). 
Covariates were the happiness ratings and thirst level. To account for the multiple tests, the 
Bonferroni correction was applied. Results showed that after water consumption, children’s 
cognitive assessment scores for visual attention and visual search improved. Researchers 




improved cognitive performance. This study’s outcomes suggested that water consumption has 
positive effects on cognitive performance among children.  
 Fadda et al. (2012) conducted an intervention study to examine the beneficial effects of 
drinking supplementary water during the school day on cognitive performance in 168 children 
aged between 9 and 11 years old in Sardinia, Southern Italy. The study design included a 
randomly assigned control group (no water fountains were available; no water was allowed on 
desk) and an intervention group (received additional 1000 ml and teachers reminded children to 
drink water during the day). There were 5 classes of students in the control group and 7 classes 
of students in the intervention group. Students were asked to complete 5 cognitive tasks, a 
nutrition habit questionnaire, and a mood questionnaire. The self-reported nutrition habit 
questionnaire included questions around consumption of fruits and vegetables that are 
particularly high in water content. This is important to note as the researchers hypothesized that 
hydration status may be associated with nutrition habits. For urine samples, students were trained 
to self-collect urine samples and provide the samples to the trained study staff. Control and 
intervention groups were tested for their hydration status early in the morning and at the end of 
the school day. Similarly, both groups were asked to complete cognitive tasks early in the 
morning and in the afternoon. Cognitive tests included: selective attention, perceptual speed of 
applying arithmetic operations, short-term memory, verbal analogies, and visual spatial). 
Researchers calculated Pearson correlation coefficients to analyze the relationship between 
hydration levels and cognitive performance. In addition, change scores from pre-test to post-test 
were correlated. Results indicated beneficial effects of hydration on short-term memory. It is 
worth mentioning that researchers found dehydrated children unexpectedly performed better on 




hydration levels and cognitive outcomes are not linear. Overall, this study’s findings were 
consistent to that Edmonds and Jeffes (2009).  
 Edmonds et al. (2017) conducted two dose response effect studies to assess the impact of 
water intake levels on thirst, mood and cognitive performance among adults and children. The 
first study consisted of 96 participants that were randomly separated into three groups: group 1 
(no drink), group 2 (300 ml large drink), and group 3 (25 ml small drink). Each group consisted 
of 32 participants where the average age was 21 years. Participants completed pre and post thirst, 
mood, and cognitive tests. At baseline, all students completed the thirst scales assessment where 
they indicated where they were on the spectrum from “not thirsty at all” to “very thirsty”. 
Similarly, students completed mood scale assessment where they indicated where they were on 
the spectrum from “very sad” to “very happy”. For cognitive assessments, students completed 
the paper-based letter cancellation and digit span tests. After the baseline assessments, the 
university students were offered 25 ml, 300ml or no water. After 20 minutes of quiet time, 
students were asked to complete the thirst, mood, and cognitive assessments. The second study 
consisted of 60 children from ages 7 to 9 from three schools east of London, UK. Similar to the 
study design for adults, using a random number generator, the 60 children were randomly placed 
into three groups: group 1 (no water), group 2 (25 ml), and group 3 (300 ml). The same thirst, 
mood, and cognitive exams as the study design for the adults were used. For both studies, using a 
mixed model ANOVA for time and volume, researchers compared baseline and post-tests at each 
volume level. Bonferroni correction was applied to account for the multiple tests. Results 
showed dose-response effects of drinking water on visual attention and memory for adults and 
children. Specifically, a small level of water was sufficient to positively impact visual attention 




cancellation assessment) in children. This is an important study as this is a pioneer study that 
specifically examines the dose response effect of water consumption on cognition and mood.  
 Most recently, Park et al. (2020) conducted a cross-sectional study using the 2017 
national YRBS data to identify which health-risk behaviors were significantly associated with 
plain water consumption. The study sample included 8,718 students from grades 9 through 12 
across the United States. These 8,718 students provided complete survey answers on all the 
variables of interest. The outcome variable was plain water intake and the dependent variables 
consisted of regular soda consumption, sports drink consumption, milk consumption, fruit 
consumption, vegetable consumption, physical activity level, and academic grades. The 
covariates were age, sex, race/ethnicity, and weight status. The age options are less than 15 years 
old, 16 years old, and older than 17 years old. The race/ethnicity categories included Hispanic 
white, non-Hispanic black, Hispanic/Latino, and non-Hispanic other multi-race. Researchers 
calculated age-specific body mass index percentile categories from students’ self-reported height 
and weight data in order to create the following categories: underweight, normal weight, and 
overweight. In order to assess the relationships between plain water intake and dependent 
variables, researchers conducted multivariable logistic regression for estimated adjusted odds 
ratios. In addition, for unadjusted analyses, researchers used Chi-squared tests. Researchers 
found that infrequent plain water consumption was significantly associated with students who 
were 15 years old or younger, students who received D/F grades, students who consumed fruits 
and vegetables less than 2 times, and students who consumed regular soda more than once a day, 
and students who were physically inactive. It is important to note that these students were 
significantly more likely to be older and non-Hispanic white students than those with incomplete 




an important study to highlight as it provides supporting evidence to increase plain water 
consumption as it encourages healthy behaviors among adolescents, which in turn may 
contribute to positive academic achievement outcomes.  
Literature regarding how hydration affects cognition in children continues to emerge. 
However, there is still much to explore to better understand the importance of water for cognition 
and brain health. While there is existing literature on the relationship between hydration and 
brain health, not all literature produced significant conclusions about the association between 
hydration and academic performance. Chard et al. (2019) conducted an experimental pilot study 
to evaluate levels of hydration and its impact on attention, concentration, and short-term memory 
among 120 in fifth (ages 9 to 13) and sixth (ages to 10-16) grade students in water-scarce schools 
in rural Mali, West Africa. Researchers followed a crossover trial design where each student in 
the study served as their own control. The study designed included a control condition, which is 
defined as the no changes were made at the school. The water treatment condition referred to 
students receiving a 1.5L bottle of water in the morning, asking them to drink water throughout 
the day, and refill the water bottle. For hydration data, study enumerators collected urine samples 
and students’ self-reported thirst. Cognitive performance was evaluated by six paper-based tests: 
Letter cancellation (for visual attention), Direct image difference (for visual attention), Indirect 
image difference (for visual memory), Forward digit recall (for short term memory), reverse digit 
recall (for short term memory), and line tracing task (for visuo-motor skills). The trained study 
staff distributed, proctored, and collected the paper-based assessments data. Researchers 
conducted a multivariable analysis, specifically mixed-effects linear regression models to 
examine the association between the hydration (intervention group) and cognitive test scores as 




The outcome was the cognitive test, and the predictor covariate was either the water treatment 
condition or hydration status. In order to account for and evaluate potential confounders or effect 
modifiers of hydration and cognition, students were asked if they had anything to eat or drink 
that morning and reported drinking water availability at school. All models were adjusted for 
multiple comparisons using the Bonferroni correction. Results showed that students became 
dehydrated over time but there were conflicting outcomes: some students with the water 
treatment did better on the cognitive tests than students without water treatment but some 
students with water treatment had lower scores on the line trace test than some students without 
the water treatment. Chard et al. (2019) identified a suggestive pattern where drinking water may 
improve cognitive test performance, however, the overall results from the study did not provide 
any conclusive, statistically significant results.  
 To assess a possible relationship between hydration and improved cognitive performance 
among schoolchildren in hot and arid low-resource settings, Trinies et al. (2016) conducted a 
randomized-control trial in five schools with limited water access in Chipata district in Eastern 
province, Zambia. Students in grades 3 to 6 (ages 8 to 17) were randomly assigned either to the 
water group (n=149) where students received a bottle of drinking water that they could refill 
throughout the day or the control group (n=143) where students only had access to drinking 
water that is normally available at school; the control group did not receive any supplemental 
water. Each participating school manually sorted signed parental consent forms and students 
assented to participate in the study. Trained study staff collected urine samples in the morning 
and afternoon. To measure cognitive performance, in the afternoon, students were asked to 
complete six cognitive tests for short-term memory, concentration, visual attention, and visual 




days. After the afternoon urine sample collection, students were given 60-75 minutes to complete 
six paper-based tests: Letter cancellation (for visual attention), Direct image difference (for 
visual attention), Indirect image difference (for visual memory), Forward digit recall (for short 
term memory), reverse digit recall (for short term memory), and line tracing task (for visuo-
motor skills). Using STATA, researchers conducted Chi-squared tests to evaluate the differences 
between the two groups of schools for sex, eating and drinking before school, illness in the past 
two weeks, test version, and morning and afternoon dehydration. Regardless if students were in 
the control or intervention group, in order to assess the relationship between hydration and test 
scores; dehydration and test scores, intervention status, and hydration, multivariable linear 
regression models were used. Significance level was determined by Bonferroni correction and 
only variables with a p-value less than 0.0006 were included in the models. The following 
confounding variables were controlled for in the models: sex, age, grade, reported drinking and 
eating in the morning before school, distance walked to school, illness in the past two weeks, test 
version, morning hydration, and the availability of drinking water at the school. Albeit finding 
suggestive relationships between hydration and increased scores on visual attention assessments, 
Trinies et al. (2016) did not find conclusive significant results that hydration impacted cognitive 
test scores. Furthermore, researchers found a high number of students who were dehydrated in 
the morning but did not observe any clear associations between dehydration and cognitive 
performance. 
Category 6: Physical Inactivity  
 Physical activity can help improve academic achievement, including grades and 
standardized test scores. Most youth do not engage in the recommended level of at least 60 




activity—at least 60 minutes daily—multiple health benefits accrue. Research suggests that 
physical activity can have an impact on cognitive skills and attitudes and academic behavior, all 
of which are important components of improved academic performance. These included 
enhanced concentration and attention as well as improved classroom behavior (CDC, 2010). 
Previous studies have shown that more participation in physical education class is associated 
with better grades, standardized test scores, and classroom behavior. In addition, time spent in 
recess that encourages pro-social behaviors has been positively associated with cognitive 
performance and positive classroom behaviors. Similarly, brief classroom physical activity 
breaks (i.e., 5-10 minutes) have been associated with improved cognitive performance, 
classroom behavior, and educational outcomes including standardized test scores, reading scores, 
and math scores. Finally, participation in extracurricular physical activities has been associated 
with higher grade point averages (GPAs), lower dropout rates, and fewer disciplinary problems 
(Burkhalter and Hillman, 2011; Carlson et al., 2008; Dwyer et al., 2001; McNaughten & 
Gabbard, 1993; Nelson & Gordon-Larsen, 2006; Pate, Health, & Trost, 1996; Rasberry et al., 
2011).  
 Compared to the extensive literature and research on physical activity and academic 
achievement, the studies on physical inactivity, specifically sedentary behavior, are fairly recent 
and becoming more of interest. Sedentary behavior can be defined as any waking behavior 
characterized by an energy expenditure of ≤1.5 metabolic equivalent of a task while sitting or 
reclining posture (Lopes et al., 2017; Sedentary Behaviour Research Network, 2012). Past 
studies’ findings suggest that sedentary behavior has been associated with at-risk body 
composition, poor physical health, lower self-esteem, decreased academic achievement, poor 




recent cross-sectional study, Stockwell et al. (2019) observed sitting behavior patterns and 
explored its impact on cardiovascular health among children. Through voluntary recruitment, 
final study participants included students, aged 11 and 12 years, from schools in Bedfordshire, 
UK. Any students who were clinically diagnosed with diabetes, major illness/injury that would 
affect any movement, smoking, and/or had hypertension were excluded. To objectively measure 
sedentary behavior, researchers used activPAL. Students were asked to wear the device for 7 
consecutive days and maintain a log. The activPAL monitor measured time spent sitting/lying, 
standing, stepping, sit to upright, and upright to sit transitions. Researchers defined prolonged 
sitting as a period of more than and/or equal to 30 minutes in sitting/reclining posture during 
waking time. Anthropometric measures and body composition data were also collected. To 
measure blood pressure, lipid levels, and glucuse levels, an Omron M5-I automatic blood 
pressure monitor, finger prick method, and a Cholestech LDX analyzer were uitilized. Using 
SPSS, to check for normality of the data, researchers inspected skewness, kurtosis, and Q-Q 
plots. Prior to analysis, any non-normally distributed variables were log transformed. Multiple 
linear regression analyses were used to assess associations between sitting, standing, and 
stepping variables (i.e., total sitting time, number of breaks in sitting per day, total time spent in 
prolonged sitting positions, standing time, and light physical activity) with cardiometabolic risk 
factors, respectively. The following confounding variables were adjusted for in the analysis: sex, 
biological maturity, school attended, and activPAL wear time. Results showed that the number of 
breaks in sitting and the time in prolonged sitting positions were significantly negatively 
associated with adiposity and significantly positively associated with high-density lipid (HDL) 
levels and total cholesterol levels. Similarly, the number of breaks was significantly negatively 




An interesting finding of the study is that children spent 553 minutes sitting per day. Researchers 
concluded that sedentary behavior could increase cardiovascular risk among children, aged 11 
and 12.  
  Penning et al. (2017) conducted a randomized cross-over study to assess the effects of 
reducing sitting time among 18 healthy adolescents aged 13 and 14 years from the Illawarra 
region of New South Wales. Participants were excluded if there were not of age or older than 15 
years, had pre-existing illnesses (i.e., Type 2 Diabetes, PKU, coeliac disease), had food allergies, 
and a significant physical disability or developmental disability which may hinder participation. 
Participates were not fully blinded. There are two stimulation protocols: protocol 1 resembled a 
“typical” day, which consisted of 65% of the time spent sitting and protocol 2 stimulated a 
“reduced sitting” day, which consisted sitting for 50% less time and no sitting for more than 20 
minutes. Using a random number generator, participants were randomly exposed to each 
protocol. Prior to the stimulations, participants were asked to consistently consume the same 
amount of food and items, but they were not asked to restrict their food choices. Cardiometabolic 
outcomes (i.e., lipids, glucose, insulin, IL-6, apo-A1, apo-B, blood pressure) were measured pre 
and post for both protocols. Apo-A1 is the primary protein found in low-density lipoprotein 
(LDL) and ApoB is the primary protein found in high-density lipoprotein (HDL). In addition, 
trained study staff collected anthropometric measures. To determine cognitive performance 
outcomes, at the beginning and end of the stimulation, participants were asked to complete the 
paper-based Figural Intersections Task (FIT) for mental attention capacity. Power and sample 
size calculations were based on cardiometabolic outcomes reported in previously conducted 
studies. Using PROC POWER in SAS, sample sizes were estimated where the required sample 




calculated from the means and standard deviations using the typical sitting stimulation as the 
denominator. Researchers defined a small effect size to be 0.2, a medium effect size to be 0.5, 
and a large effect size to be 0.8. Results show that the cognitive performance increased in the 
reduced sitting day. While it was not statistically significant, the difference between a typical 
sitting day and reduced sitting day had a medium effect size of d =0.54. Furthermore, the 
difference between the ApoB/Apo-A1 ratio and total cholesterol pre and post intervention 
statistically improved with a medium effect size, d = 0.67. Researchers concluded that reduced 
school day sitting helped improve cognitive function and reduced the risk of cardiovascular 
disease. 
 Hosteng et al. (2019) conducted a repeated cross-sectional study to observe the impact of 
uninterrupted classroom sitting in adult populations. This is one of the first studies to investigate 
the effects of acute bouts of uninterrupted classroom sitting on musculoskeletal discomfort 
and/or alertness among college students. The final study sample included 54 undergraduate 
college students, aged at least 18 years, at a Midwestern university in the U.S. The study design 
involved research staff distributing surveys and collecting self-reported data throughout one 
academic semester. Surveys included demographic surveys, a physical discomfort survey using 
the 11-item General Comfort Scale, and a alertness survey using the Stanford Sleepiness Scale. 
The demographic survey was provided at the beginning of class and the physical discomfort and 
alertness surveys were conducted every 15 minutes. Researchers used Pearson product-moment 
correlations to determine the possible relationships between classroom sitting time in minutes, 
perceived alertness, and physical discomfort. Using a Linear Mixed Effect Model, researchers 
assessed the change in comfort and alertness. Kaplan-Meier estimator was used to determine the 




analyzed and compared the survival curves between pain/non-pain reports and low/high 
sedentary groups via Cox proportional hazards regression. Results presented that students had 
significant levels of physical discomfort after 75 minutes of uninterrupted sitting as well as 
significant levels of sleepiness after 15 minutes. Researchers concluded that, among college 
students, prolonged and uninterrupted sitting during a traditional college lecture, 2.5 hours, is 
associated with increased levels of self-reported physical discomfort and sleepiness.  
 Happala et al. (2017) conducted a cross-sectional study to examine the independent and 
combined associations of objectively measured moderate-to-vigorous physical activity (MVPA) 
and sedentary time (ST) with academic achievement. The study sample included 158 Finnish 
primary students, aged 6 to 8 years: 89 boys and 69 girls. These participants were participants of 
the Physical Activity and Nutrition in Children (PANIC) Study and the First Steps Study. To 
measure MVPA and ST, researchers used Acitheart and dual-energy X-ray absorptiometry in 
Grade 1 to collect combined heart rate, movement activity, and body fat percentage. In addition, 
trained study staff measure body height and body weight. Students were asked to not change 
their usual behavior and wear the Actiheart sensor for a minimum of four days, including sleep 
and water-based activities. Academic achievement was defined as reading fluency, reading 
comprehension, and arithmetic skills. To assess academic achievement, researchers used 
standardized tests in Grade 1, 2, and 3. Using SPSS, researchers conducted chi-square tests, 
Mann-Whitney U-test, and t-tests to assess gender differences. To examine the independent 
associations of MVPA, ST, and Physical Activity and academic achievement, researchers 
conducted general linear regression analyses. Data analyses adjusted for age, sex, sensor wear 
time, parental education, household income, maximal workload achieved in exercise test, 50-m 




watching TV, using a computer, reading or writing, and risk for reading disability. Results 
showed that lower levels of MVPA and higher levels of ST, respectively and in combination, 
were associated to poorer reading skills (reading fluency and reading comprehension) in boys. 
However, an inverse, non-statistically significant relationship was observed: higher levels of ST 
were related to better arithmetic skills among girls.  
 Hunter, Leatherdale, and Carson (2018) conducted a secondary analysis on a three-year 
longitudinal study to examine the impact of sedentary behavior on academic achievement.  The 
final study sample included 4408 participants from the Cohort for Obesity, Marijuana use, 
Physical activity, Smoking, and Sedentary Behavior (COMPASS) study in Ontario and Alberta, 
Canada. Participants were students aged 13 to 18 years. Sedentary behavior was defined into 
three categories: screen-based, communication based, and doing homework. Screen-based 
sedentary behavior included: watching/streaming television shows/movies, video/computer 
games, and surfing the internet. Communication-based sedentary behavior involved: 
texting/messaging and talking on the phone.  To measure frequency of sedentary behavior, each 
year, in the three-year study, a trained COMPASS research coordinator collected the self-
reported survey data. To assess academic achievement, students provided self-reported data of 
their overall Math and English grades. For analysis, the academic achievement grades were 
dichotomously categorized the responses into grades 80% and higher and grades less than 80%. 
Similarly, the sedentary behavior responses were below or above the calculated average time. 
Potential confounders were sex, ethnicity, weekly spending money, median household total 
income, frequency of skipping class, and frequency of going to class with incomplete homework. 
Before analysis, researchers examined the test-retest reliability where they found sedentary 




=0.56); Homework (ICC = 0.54); playing video or computer games (ICC = 0.76); surfing the 
internet (ICC = 0.65), and texting, messaging, emailing (0.86). Researchers used SAS to conduct 
linear and logistic regression analyses to predict the likelihood of surpassing the academic 
standards for each sedentary behavior. Students with missing data were excluded from the final 
sample. In order to create a person-period dataset, data was manipulated from wide to long 
format. This transposition allowed for displaying multiple records for each student for each year 
of the study.  Researchers used the GENMOD procedure to control for clustering effect of 
schools, repeated time measurements, and time-varying confounders. Researchers concluded that 
the increased sedentary behavior of watching/streaming television shows/movies and surfing the 
internet decreased the likelihood of surpassing English Standards. Similarly, an increase in 
communication-based sedentary behavior decreased the likelihood of surpassing Math standards. 
It is important to note that even after finding suggestive evidence of a relationship between 
sedentary behavior and academic achievement, researchers shared that predicting academic 
achievement from total sedentary behavior is still challenging.  
 Not all literature supports the claim that sedentary behavior may impact academic 
performance. Lopes et al. (2017) conducted a study to objectively measure sedentary time (ST) 
and academic achievement (AA) in 213 school children, aged 9 and 10 years, in Northern 
Portugal and evaluate the association between the ST and AA. Trained staff members collected 
anthropometric measures of all participants. To measure ST, students had to wear a GT1 
Actigraph accelerometer over 5 consecutive days. Students were instructed to wear it during 
waking hours. To assess AA, researchers used the Portuguese Language and Mathematics 
National Exam results. Researchers used the automated data reduction program to analyze the 




researchers conducted two-sided t-tests and chi-square tests. A series of multilevel linear 
regression models were used where participants were nested in three levels: level 1 (participant), 
level 2 (teacher), and level 3 (school). From calculating the intra-class coefficients (ICC) to 
estimate the proportion of the total variance of the AA score attributable to teacher and school 
differences, the ICC for teacher was 0.00001 and for school was 0.061. It was concluded that 
6.1% variation of the AA score was due to the school. Therefore, using IBM SPSS, researchers 
constructed a two-level hierarchical linear model: student and school. Model 1 was adjusted for 
the accelerometer wear time and Model 2 was adjusted for age, gender, family income, mother’s 
education, and body mass index. Researchers concluded that albeit adjusting for potential 
confounders, the objectively measured total sedentary time was not associated with AA.  
 Similarly, Esteban-Cornejo et al. (2015) concluded that total sedentary time might not 
influence academic performance among youth. Researchers collected self-reported leisure time 
sedentary behavior (LTSD) from 1146 children aged 12 to 15 years in Spain. These participants 
were recruited from the UP&DOWN Study, a three-longitudinal study assessing the impact over 
time of physical activity and sedentary indicators in a Spanish sample of children and young 
adults. Leisure-time was defined as time out-of-school hours. LTSD data was measured by 
GT1M, GT3X, and GT3X accelerometers. Academic performance was determined by school 
grades: end of the year math score, end of the year language score, and overall grade point 
average (GPA).  Participants were asked to complete the Youth Sedentary Behavior 
Questionnaire where questions asked how much time was spent in the 12 sedentary activities per 
day, during the weekday, and weekends. The 12 sedentary activities included: 1) watching 
TV/video, 2) playing computer/video games, 3) internet surfing, 4) doing homework/study with 




talking on the telephone, 8) sitting without doing anything, 9) reading for fun, 10) listening to 
music, 11) doing cognitive hobbies such jigsaw and crossword puzzles, chess or checkers, and 
12) traveling on motorized transport. Researchers conducted Chi-squared tests for continuous 
and nominal variables and concluded that there were no significant interactions between sex, 
age, and sedentary behavior variables. There were two linear regression analyses: 1) a linear 
regression analysis to determine the association between objective measure leisure-time 
sedentary behavior and self-reported leisure-time sedentary behavior and 2) a linear regression 
analysis to determine the association of patterns of leisure-time sedentary behavior with 
academic performance. For both analyses, the following covariates were controlled: age, city, 
maternal education, birth weight, gestational age, body mass index, physical fitness and 
moderate to vigorous physical activity. Researchers found conflicting results: time spent in 
Internet surfing, listening to music, and sitting without doing anything were negatively 
associated with all academic performance indicators but time spent in doing homework/study 
without computer and reading for fun were positively associated with all academic performance 
indicators. It is important to note that both studies, Lopes et al. (2017) and Esteban-Cornejo et al. 
(2015) as well as Hunter, Leatherdale, and Carson (2018), suggested that future research should 
target specific sedentary behaviors in order to determine impact on academic achievement.   
 Screen time Today’s Generation Z has not lived in a world without 3G phones (available 
from 2001), Facebook (from 2004), YouTube (2005) and smart phones (2007) (Hui & Shuyan, 
2016). Television and other screen media occupy US children for many hours every day and may 
have detrimental effects on children’s health and behavior. In the Morbidity and Mortality 
Weekly Report (MMWR) 2015, the Centers for Disease Control and Prevention (CDC) reported 




school day, and played video or computer games or used a computer for something that was not 
schoolwork 3 or more hours per day on an average school day. (Rasberry et al., 2017) 
 Sharif and Sargent (2006) conducted a population-based cross-sectional survey of 4508 
middle schools, grades 5-8, in the Northeastern region of the United States to investigate the 
relative effects of television, movie, and video game screen time and content on school 
performance. Researchers assessed the possible relationship between the following variables 
with academic performance: weekday television and video game screen time, weekend television 
and video game screen time, cable movie channel availability, parental R-rated movie restriction, 
and television content restriction. The outcome variable was self-reported academic 
performance, school grades in categories of excellent, good, average or below average. To 
examine the independent effects of each variable, researchers utilized ordinal logistic-regression 
analysis. Confounding variables (i.e., demographics, child personality, and parenting style) were 
adjusted for. Results, from their multivariate analyses and adjusting for other covariates, 
indicated that the odds of poorer school performance increased with increased weekday 
television screen time and cable movie channel availability; the odds decreased with parental 
restriction of television content restriction. As compared with children whose parents never 
allowed them to watch R-rated movies, children who were allowed to watch R-rated movies 
once in a while, sometimes, or all of the time have significantly increased cumulative odds of 
poorer school performance. Interestingly, weekend screen time and video game use were not 
associated with school performance. Researchers concluded that content exposure and screen 
time have independent detrimental associations with school performance among adolescents.  
 Sharif et al. (2010) conducted another longitudinal telephone study of a national sample 




exposure measures included latent construct for screen exposure (i.e., weekday time spent 
viewing television and playing video games, presence of television in the bedroom) and variables 
for movie content (i.e., proportion of PG 13 and R-rated movies viewed). Participants were 
interviewed at four time points: Time 1 (baseline), Time 2 (8 months), Time 3 (16 months), and 
Time 4 (24 months after baseline). The main outcome was school performance to which through 
a telephone survey, students and parents provided self-reported grades. At Time 1 and Time 3, to 
measure mediator variables, a subset of questions from the Zuckerman inventory and questions 
that measured the frequency of arguing, fighting, and disobedience were used. Covariates were 
comprised of three types: parenting style, students’ self-control characteristics and 
extracurricular activities, and demographics. Researchers used Chi-square analysis for 
categorical variables. Spearman correlations were used for ordinal variables. To compare means 
among groups, analysis of variance (ANOVA) was used. Using Mplus, Structural Equation 
Modeling analysis (SEM) was used to determine whether media variables were related to school 
performance. Results showed that screen exposure had an indirect effect on poor school 
performance through increased sensation-seeking. Viewing more PG-13 and R-rated movies had 
indirect effects on poor school performance mediated through increases in substance use and 
sensation-seeking. Lastly, R-rated viewing also had an indirect effect on poor school 
performance through increased school behavior problems. They did not find direct relationships 
between visual media and student’s school performance. This is an important study as 
researchers developed and proposed a heuristic model that shows the several pathways that 
visual media exposure can affect school performance. For example, viewing certain types of 




sexual risky behaviors, drug use) or school-related behaviors (i.e., fighting, disobedience), which 
may negatively impact students’ academic performance.  
 Increased screen time can impact development growth among youth. Byeon and Hong 
(2015) conducted a cross sectional, secondary data analysis study to determine the association 
between television time and language delay. The participants were those who participated in 
Panel Study on Korean Children (PSKC) in 2010. Any participants who did not complete the 
Young Children’s Development Test were excluded. The final study sample included 1778 
children in South Korea: 906 males and 872 females. Parents of the participants were asked to 
complete a Computer-Assisted Personal Interview (CAPI) and Paper and Pencil Interview (PPI), 
which surveyed levels of health and economic activities, psychological characteristics, and child 
rearing characteristics. Researchers conducted the Young Children’s Development Test to 
measure the development level of toddlers. To test the linguistic ability among children, 
researchers conducted the 30-item Korean-Ages and Stages Questionnaire (K-ASQ), which is an 
adapted test of Ages and Stages Questionnaire (ASQ). Using Cronbach’s alpha, the credibility of 
K-ASQ was 0.85 and the inter-rater reliability was 97%.  Researchers defined language 
development delay as less than 2 standard deviations of the K-ASQ score for the communication 
section. To measure average daily TV watching time among participants, researchers asked 
parents of participants to complete a questionnaire where TV watching was classified into four 
categories: less than 1 hour, 1 to 2 hours, and less than 3 hours, and more than 3 hours. 
Researchers added weights in order for the surveyed subjects to be represented as general 
Koreans. To identify the general characteristics of participants based on the amount of exposure 
to TV, weighted mean, standard error, and weight percent were calculated. To identify and 




following confounding variables were adjusted for in the final model: household income, size of 
home city, parents’ level of education, economic activities, level of satisfaction with marriage, 
communication pattern with children, participants’ gender, sociability, hospitalization experience 
within the past year due to disease or accident. Researchers conducted the Cochran-Armitage 
trend test and Poisson regression, respectively, to determine significance and p-value. Results 
revealed that children who watched more than 3 hours of TV had approximately 3 times more 
risk of language delay than children who watched less than 3 hours of TV. Researchers 
concluded that there is a positive relationship between TV watching and language delay: an 
increase in a child’s TV watching time proportionately increased the risk of language delay.  
 Screen time may negatively impact sleep duration, which ultimately impacts academic 
achievement. Parent, Sanders, and Forehand (2016) conducted a community sample, cross 
sectional study to assess the indirect effect of screen time (i.e., television, computers, 
smartphones, video games, and tablets) on behavioral health issues (i.e., internalizing, 
externalizing, and peer problems) through sleep. Families were virtually recruited though 
Amazon’s Mechanical Turk (MTurk). Through MTurk, a diverse range of participants (i.e., race, 
socioeconomic status (SES) and household composition) in the United States was recruited. The 
final study sample included 621 families with a child in one of the three developmental stages: 
young childhood (aged 3 to 7 years), middle childhood (aged 8 to 12 years), and adolescence 
(aged to 13 to 17). To measure weekly screen time among children, parents were asked to answer 
questions about their child’s screen time exposure where parents shared the number of hours and/ 
minutes that their child engaged in: watching TV or DVDs; using the computer; playing video 
games on a console game player (i.e., Xbox, Playstation, Wii); playing video games on a 




using a smart phone for playing games, watching videos, and surfing the Internet (time spent 
talking on the phone was not included). To account for sleep disturbances and duration, 
researchers conducted an abbreviated version of the Children’s Sleep Habit Questionnaire 
(CSHQ). Using a four-point Likert scale questionnaire, parents provided self-reported data of 
their child’s frequency of sleep behavior for the most recent “typical” week and what times their 
child went to sleep on weekdays and weekend days. To assess internalizing and externalizing 
problems among the youth, parents completed the 19-item Brief Problem Monitor (BPM) parent 
forms. The items on the BPM survey were derived from the Child Behavior Checklist (CBCL) 
and Youth Self Report (YSR). Furthermore, to gauge any peer problems, parents completed the 
Strengths and Difficulties Questionnaire. This 3-point Likert scale questionnaire asked parents to 
provide how untrue to true their child play alone, was bullied, and/or generally not liked by other 
children.  
To investigate any relationship between screen time and sleep disturbances and duration, 
researchers conducted a one-way analysis of variance (ANOVA) with six levels of screen time: 
0-2 hours; 2.1 to 4 hours; 6.1 to 8 hours; 8.1 to 10 hours; and 10.1 hours or more. The covariates 
that were not included in the model were: gender, parent marital status, and family income. In 
order to determine the best model fit across all three developmental stages, researches used the 
multiple-group function in Mplus. Results showed that for young childhood, sleep duration 
significantly decreased after 6 hours of screen time; for middle childhood, sleep duration 
decreased significantly after 4 hours of screen time, and for adolescence, sleep duration 
decreased significantly after 10 plus hours. Researchers concluded that regardless of the child’s 




In addition, more sleep disturbances led to higher levels of youth internalizing, externalizing, and 
peer problems.  
 Television viewing may negatively impact academic performance. Sharma et al. (2017) 
conducted a mixed methods secondary data analysis from cross sectional study data to 
investigate the impact of television viewing on sedentary behaviors, self-rated health, and 
academic performance among 1234 secondary school students, aged 11 to 19 years, in the Lima 
Metropolitan Area, Peru. The final sample included 476 male students and 758 female students. 
The cross sectional, voluntary, and anonymous survey was conducted by a partnering 
organization, Yonsei Global Health Center and Korea International Cooperation Organization 
(KOICA). Six schools were selected, and student participants were selected using a systematic 
random sampling with a random start. Students were asked to complete the Global school-based 
student health survey (GSHS) where trained research staff administered the surveys during 
regular school hours. To measure levels of physical activity (PA), students were asked to provide 
self-reported answers to the question, “during the last 7 days, how many days did you do any 
type of physical activity for a total of at least 60 minutes?”. The answer choices ranged from 0 
days to 7 days a week.  To measure self-rated health (SRH), students were asked to rate their 
health where the responses ranged in a Likert scale from excellent to poor. Similarly, to measure 
self-reported academic performance (SAP), students were asked to rate their academic 
performance where the responses ranged in a Likert scale from poor to high. Using SPSS, 
researchers conducted chi-square tests and Spearman’s correlations to examine the association 
between television viewing (more than 2 hours a day) and video game use, Internet use, PA, 
SRH, and SAP. To identify any relationship between television viewing (as an independent 




used multivariate logistic regression analysis. Covariates such as sex, age group, grade, school, 
and level of PA were adjusted. Furthermore, researchers conducted twenty in-depth interviews 
among 10 parents and 10 schoolteachers to acquire more information about the leisure time 
activity of their children, availability of television and Internet at home, type of programs their 
children watched on television, screen-based sedentary behaviors of students, and perceived 
barriers. The selection criteria included parents who had at least one adolescent child and 
teachers had to teach secondary level education. All recorded interviews were analyzed using the 
thematic analysis technique. An interesting finding showed that after adjusting for sex, age 
group, PA, school and grade, more than 2 hours per day of television viewing was independently 
associated with more than 2 hours per day of video games use and more than 2 hours Internet 
use. Researchers concluded television viewing had a negative correlation with self-rated health 
and academic performance in females.  
 Tamana et al. (2019) conducted a secondary data analysis using the data from the 
Canadian Healthy Infant Longitudinal Development (CHILD) observational study. The final 
dataset included 3455 children, aged 5 years, from Edmonton, Toronto, Vancouver, and 
Manitoba. Parents of the children completed the Child Behavior Checklist (CBCL) where 
parents reported their child’s total screen time. Screen time included watching TV/DVD’s, using 
a computer tablet and/or mobile phone, or playing video games. Adhering to the Canadian 24-
hour Movement Guidelines and the American Academy of Pediatrics recommendations for 
children aged 5 to 13 years, researchers categorized the screen time usage in three groups: less 
than 30 minutes per day; between 30 minutes and 2 hours daily; more than 2 hours. Behavior 
problems were categorized as either internalizing problems, externalizing problems or total 




emotionally reactive. Externalizing problems included inattention and aggressiveness. Total 
problems included internalizing, externalizing, sleep issues, and other problems. All statistical 
analyses were conducted using STATA. To identify possible associations between screen time 
categories, sleep duration, sleep disordered breathing, physical activity, child and family 
characteristics, and total behavior problems, researchers conducted univariate analyses; t-tests 
were used for dichotomous predictors and linear regression for continuous variables. Covariates 
included: sleep duration, physical activity, socioeconomic status, marital status, ethnicity, 
household smoke exposure, breastfeeding, maternal depression, parent-child interaction, gender, 
birth weight in kg, gestational age in weeks, birth order, sibling status, maternal age, gestational 
diabetes, and parenting stress at five years visit. The primary exposure variable was screen time 
and the outcome variable was school behavior.  In order to examine the association between 
screen time and behavior problem scores, multiple linear regression analysis was used. Gender of 
the child and any significant factors from the univariate analysis were adjusted for and the final 
model was determined based on the Akaike Information Criterion (AIC). Results indicated that 
after for adjusting for gender, parenting stress, and gestational diabetes, more than 2 hours of 
screen time per day was significantly associated with an ADHD score above the clinical cut off 
of 65. In addition, there was no significant difference found between genders. Researchers 
concluded that increased screen time was associated with inattention problems. In a dose 
response effect, children who were exposed to more than 2 hours of screen time showed more 
externalizing and total behavioral problems than compared to children who were exposed to less 
than 30 minutes.  
 There is existing research of positive associations with video games and academic 




of Internet use and video gaming on student academic achievement. The final sample consisted 
of 482 middle school students, 12 years of age, from across 20 Michigan schools. To measure 
how often students used the Internet and how often students played videogames, students and 
their parents/guardians were asked to complete Child Survey and Parent/Guardian Survey. The 
Wide Range Achievement Test, Revision 3 (WRAT-3) was used to assess reading and 
mathematics skills and Wide Range Assessment of Visual Motor Abilities Section 2, Matching 
(WRAT) was used to assess visual-spatial abilities. The order of the test type was randomized to 
mitigate any effects of order on test outcomes. Researchers conducted multivariate analyses of 
variance (MANOVAs) on Internet and video game use and academic performance. To predict 
each academic performance measure from the measures of Internet and video game use in Year 
2, hierarchical regression analyses were used; gender, race and income were controlled for. 
Findings showed Internet use had a positive and significant relationship with student reading 
achievement. Furthermore, students who use the Internet more had higher reading scores than 
that of those students who used Internet less. Video game use encouraged better visual-spatial 
skills but was negatively related with student performance. The following covariates: gender, 
race, and income were found to promote Internet and video game use and influence the 
relationship between Internet and video game use and academic performance.  
 Different types of students’ computer use may differentially influence academic 
achievement. Schools are promoting computer use among students as some schools have created 
online portals for students to access notes and submit homework (Hui & Shuyan, 2016). Bowers 
and Berland (2013) conducted a secondary analysis of the Education Longitudinal Study (ELS) 
of 2002 to determine whether computer use, specifically recreational computer use and video 




Statistics (NCES) collected the ELS 2002 data, where the survey sample included 15,400 
students in Grade 10 from around 750 high schools in the United States in 2002 and again in 
2004. Students with incomplete data were excluded. The final sample included 13,960 students 
across 750 high schools. The NCES survey asked for student attitudes, background and 
demographics, and standardized measures of reading and mathematics in grade 10 and 
mathematics in grade 12. Variables that were used as controls on academic achievement were 
classified into five groups: student background variables (i.e., race/ethnicity, student’s first 
language, and socio-economic status); hours per week that students spent on homework in 
school, homework out of school, extracurricular activities, and reading outside of school; hours 
spent watching TV on weekdays and TV on weekends; student’s attitude towards reading and 
mathematics; and student’s access to technology at home (i.e., family has a computer, parents 
limit TV and video games). To assess the independent effects of computer-use for fun and video 
gaming on student achievement in high school, using SPSS, researchers utilized a set of fixed 
effects two-level hierarchical linear models (HLM): level 1 consisted of students nested in 
schools and level 2 consisted of the dependent variables (student grade 10 reading, grade 10 
mathematics or grade 12 mathematics). NCES used a complex probabilistic sampling procedure 
to generalize 3.4 million students in grade 10 in the United States. Therefore, researchers placed 
the normalized student sampling weight at the student level and the school level weight at the 
school level for all models. Results showed time devoted to watching TV on weekdays was 
significantly negatively associated with achievement. While gender was not significantly related 
to reading achievement, it was negatively significantly related to mathematics. However, 
moderate level of video gaming was positively associated with student achievement. Variables, 




significantly related to the initial status in high school reading and mathematics in grade 10 and 
12. Furthermore variables, hours per week spent on homework outside of school and 
extracurricular activities, were positively significantly associated with reading performance. 
Researchers concluded that computer use, specifically for recreation can be a positive outlet and 
a communication link to positive academic resources. 
 Sleep is crucial for children and adolescents’ learning, memory processes and school 
performance. The American Academy of Sleep Medicine’s recommendations include the 
following: children aged 6 to 12 years should regularly sleep 9 to 12 hours per 24 hours and 
teenagers aged 13–18 years should sleep 8 to 10 hours per 24 hours (Paruthi et al., 2016), 
According to Basch et al. (2014), a large majority of adolescents in United States are not meeting 
this recommendation. Basch et al. (2014) conducted secondary analyses to describe the sleep 
patterns among demographically defined subgroups from the Youth Risk Behavior Surveillance 
System. The analysis sample consisted of 4 successive biennial representative samples of 
American high school students from 2007 to 2013. Results indicated as students progressed from 
grades 9 to 12, the amount of insufficient sleep increased. Similar results were found from the 
2015 national and state Youth Risk Behavior Surveys: students ages 6 to 12 were sleeping less 
than 9 hours and teenagers ages 13 to 18 reported sleeping less than 8 hours. (Wheaton et al., 
2018) Many factors have been found to be associated with adolescent sleep loss, including busy 
social lives, homework, and participation in after school activities and use of technology in the 
bedroom (Hafner et al., 2017). 
 Previous research shows that poor sleep, increased sleep fragmentation, late bedtimes and 
early awakenings seriously affect learning capacity, school performance, and neurobehavioral 




it is difficult to draw generalizable conclusions about the relationship between sleep and school 
performance (Dewald et al., 2010). Kronholm et al. (2015) conducted a time-series, secondary 
data analysis study to identify the long-term trends in insomnia symptoms, tiredness, and school 
performance among Finnish adolescents from 1984 to 2011. The final sample included 
1,136,583 adolescents aged 11 to 18 years from the Finnish School Health Promotion Study 
(SHPS) and Health Behavior in School-Aged Children (HBSC) study. SHPS used a biennial, 
nationwide, anonymous survey that was distributed and completed in classrooms by eighth and 
ninth graders. The HBSC study collected data in 1984, 1990, 1994, 1998, 2002, 2006, and 2010, 
every spring from March to April through an anonymous standardized questionnaire. 
Participating schools were selected through a random cluster sampling method. Researchers 
defined school performance as report-card grades and self-reported sleep quality is insomnia-
related symptoms and tiredness. Both studies provided self-reported data on students’ insomnia-
related symptoms, tiredness or fatigue, and school performance. To analyze the SHPS data, a 
multivariable generalized linear model (GLM) via SAS was conducted to analyze the 
associations of school performance with different explanatory variables; school performance was 
labeled as the dependent variable. To analyze the HBSC data, prevalence estimates with 95% 
confidence intervals via SPSS were conducted. To determine the associations of school 
performance and self-reported sleep quality, spearman’s correlation coefficients were used. 
Researchers hypothesized that self-reported sleep quality, tiredness, and school performance 
would lead to a weak, significant relationship. After analysis, researchers concluded that 
insomnia symptoms and tiredness were associated with lower school performance. Furthermore, 
across all years from 1996 to 2011, this association was twice as prevalent among girls than 




chronically tired pupils. This is an important study as it identified various trends and evaluated 
the frequency of insomnia symptoms, tiredness, and school performance in a population sample 
over 27 years.  
 Dimitriou and fellow researchers evaluated the relationship between sleep and school 
functioning in adolescence among 47 adolescents, ages 16 to 19 years in central London. 
(Dimitriou et al., 2015) Participants were asked to complete the School Sleep Habits Survey 
(SSHS), a 63-item survey that measures sleep related behavior and the Background lifestyle and 
medical questionnaire (BLMQ), which measured lifestyle habits such as smoking, beverage 
consumption, television viewing, video game and social media use, and exercise activity. 
Participants were also asked to complete a sleep diary where bed and wake up times, frequency 
and duration of nighttime awakenings, and daytime naps were recorded. Academic achievement 
was measured by students’ grade point averages (GPA). In addition, researchers used the 
Raven’s Standard Progressive Matrices (SPM), which is a non-verbal reasoning cognitive 
assessment. Researchers conducted exploratory, partial Pearson’s correlations to explore the 
relationships between SSHS sleep variables, environmental factors, and academic functioning 
(i.e., GPA); where the sleep variable was defined as Total sleep time (TST) and the 
environmental factors were defined as: electronic media before bed, caffeine consumption, and 
exercise.  For these correlations, the age variable was controlled. Researchers conducted another 
set of analyses: three separate mediation analyses to test whether the key environmental factors 
influenced academic performance through the route of affecting sleep. The first mediation 
analysis assigned TST weekdays as a mediator between exercise and academic performance. The 
second mediation analysis placed sleep as the mediator between caffeine consumption and 




technology-use 30 minutes before bed and academic performance. The overall results suggested 
that sleep quantity and quality are declining during adolescence, which may demonstrate a 
negative effect on academic achievement. An interesting result from their mediation analyses 
was the negative association between caffeine consumption and electronic media use before 
bedtime with academic performance. Furthermore, researchers found that exercise was not 
associated with any of the sleep variables, but instead was associated with better academic 
performance. Researchers concluded that TST and bedtimes on weekdays were consistently, 
strongly associated with academic achievement; greater TST and earlier bedtimes were the most 
strongly correlated with higher academic performance. This is an important study as it explored 
the impact of sleep as an independent variable as well as a mediator on academic performance.  
 Kim et al. (2019) conducted a secondary data analysis to identify any associations 
between sleep patterns and health-risk behaviors and health outcomes among Korean adolescents 
in South Korea. The final data sample consisted of 2, 351 adolescents in South Korea from ages 
12 to 15 years from the Korean Children and Youth Panel Survey (KCYPS). KCYPS is a 
nationally representative study of Korean children and young people. A multi-stage stratified 
cluster sampling method was used to select schools. The collected data included students’ 
developmental stages from first year of junior high school up to one year after high school 
graduation. To assess and measure sleep patterns, three indicators were used: Bedtime, wake-up 
time, and sleep duration during the weekdays and weekend. To confirm obesity status, 
researchers calculated the body mass index (BMI) using the self-reported health and weight data. 
Students were asked to share their health status regarding asthma, rhinitis, atopic dermatitis, 
heart disease, diabetes, or other chronic disease experiences during the last year. Additionally, 




The variables that were controlled were: gender, regional area, and type of housing. For analysis, 
gender and regional area were coded as dichotomous variables (i.e., male = 1, female = 0, urban 
= 1, non-urban = 0). Housing type was coded into three categories: house = 1, apartment = 2, and 
others = 3. Through STATA, Researchers conducted mixed effect linear regressions for 
continuous health variables and mixed effect logit regression for binary health variables. After 
controlling for gender, regional area, and housing type, results showed that shorter sleep time 
was associated with obesity, alcohol consumption, and overall lower SRH scores. Researchers 
concluded that rising time and bedtime impacted health outcomes and health-risk behaviors. 
Specifically, earlier rising time and earlier bedtime were linked to better health outcomes and 
less health-risk behaviors. This is an important study as it is the first large sample, nationally 
representative longitudinal study of adolescents to determine relationships among sleep patterns, 
health outcomes, and health-risk behaviors. 
 Hysing et al. (2016) conducted a large cross sectional, secondary data analysis study to 
examine the relationship between sleep duration, sleep patterns, and academic performance 
among 7798 adolescents, aged 16 to 19, in Hordaland, Norway. Students were asked to complete 
the youth@hordaland-survey during regular school hours, which asked about students’ mental 
health, lifestyle, school performance, and health service use. The population based, internet-
based survey collected self-reported health behavior and official performance registries collected 
school performance (grade point averages, GPA). For sleep variables, through the survey, 
students were asked to indicate in hours and minutes of their typical bedtime and rise-time. 
Typical time in bed (TIB) was calculated by subtracting bedtime from rise-time. Sleep duration 
was split into 6 categories: less than 5 hours, 5 to 6 hours, 6 to 7 hours, 7 to 8 hours, 8 to 9 hours, 




defined the 25th percentile as the lowest quartile as an indicator of poor academic performance. 
Using SPSS, researchers conducted independent sample t-tests and chi-square tests to assess the 
association between academic grades and demographic and sleep variables. Researchers 
conducted logistic regression analyses to examine the relationship between sleep variables and 
poor academic performance. Bonferroni corrections were applied to adjust for multiple 
comparisons. The following socio-demographic variables were controlled: gender, age, 
socioeconomic status, maternal and paternal educations, and perceived family affluence. Results 
showed that after adjusting for socio-demographic variables, short sleep duration and sleep 
deficit had the highest odds of poor GPA (the lowest quartile). Specifically, weekday bedtime 
was associated significantly with GPA and delayed sleep schedule during weekends was 
associated with poor academic performance. Researchers concluded that, overall, all sleep 
variables were significantly associated with increased risk for poor school performance.  
II. Multiple Health-risk Behaviors and Educational Outcomes  
 Adoption of multiple health-risk behaviors is common among young people. Previous 
cluster analysis studies of adolescent risk behaviors have shown a wider spectrum of how 
multiple behaviors interact (Nigg, Allegrante, & Ory, 2002). The CDC continually monitors for 
6 priority areas of risk behaviors that contributes to youth morbidity and mortality: use of 
alcohol, tobacco, and other drugs; unhealthy dietary habits; sexual behaviors contributing to 
sexually transmitted infections and unintended pregnancy; and those behaviors contribution to 
unintentional injuries and violence (CDC, 2020; Coleman et al., 2014).  
 In their cross sectional, secondary data analysis study, Coleman et al. (2014) sought to 
examine an expansive array of risk behaviors among the CDC priority areas as previous studies 




behaviors could potentially be grouped together for interventions to support young people.  
Using the 2011 Philadelphia YRBS data, Coleman et al. (2014) identified and performed a 
cluster analysis of 8 health-risk behaviors: suicide attempt, lifetime history of sexual intercourse, 
tobacco use, cell phone use while driving, unhealthy weight loss, daily soda consumption, 
sedentary behavior, and extreme game use. The representative sample consisted of 1,354 9th to 
12th grade students from the School District of Philadelphia. Researchers utilized a 2-stage 
cluster sample design where schools from the School District of Philadelphia were selected and 
classrooms within the schools were selected for survey data collection. Descriptive statistics was 
used to estimate the prevalence of single and multiple risk behaviors. For each variable, 
researchers recoded the responses dichotomously: yes or no. To estimate co-occurrence of risk 
behaviors, for each pair of variables, conditional probabilities were calculated. Conditional 
probabilities indicate the likelihood of a second risk factor occurring in the presence of a primary 
risk factor. To estimate the grouping patterns of risk behaviors within cases, an exploratory 
cluster analysis was conducted. It is important to note that the researchers used unweighted 2011 
YRBS data and their analysis did not include or test reliability and validity of the YRBS items. 
Results indicated that several clusters of risk behaviors have a strong conditioned prevalence. 
From the 1,354 students, 80% engaged in between at least 1 to 3 negative health behaviors. 
Researchers found that having attempted suicide was a significantly associated with other risk 
behaviors: current smoking behavior, being sexually active, unhealthy weight loss practices, and 
using a cell phone while driving. Additionally, cell phone use while driving; sedentary behavior; 
and history of sexual activity were all significantly related to current smoking behavior. 
Similarly, unhealthy weight loss was significantly associated with extreme video/computer game 




 While previous studies, as Coleman et al. (2014), are investigating the co-occurrence and 
prevalence of multiple health-risk behaviors, there are fewer studies that explore the connection 
between the combined health-risk behaviors and academic achievement. Faught et al. (2017) 
conducted a prospective study of elementary students in Nova Scotia, Canada in 2011 to explore 
the possible combined effects of lifestyle behaviors (diet, physical activity, sleep, and screen 
time) on academic achievement. The prospective study was called the 2011 Children’s Lifestyle 
and School Performance Study (CLASS). The CLASS researchers created a population-based 
survey to examine lifestyle behaviors, weight status, and academic achievement of grade 5 (ages 
10-11) students in Nova Scotia, Canada. All grade 5 students in Nova Scotia, their parents or 
guardians, and school administrators were invited to participate in the study. Out of the 6591 
consented student participants, 4253 students had reportable academic achievement data from 
their grade 6 standardized exams in Reading, Writing, and Mathematics. Therefore, the eligible 
study population consisted of 4253 grade 5 students. Students in CLASS were required to 
complete two surveys: CLASS survey and the Harvard Food Frequency Questionnaire for 
Youth/Adolescents (YAQ). Trained research assistants administered and collected the survey 
responses during classroom time. In addition, the research assistants measure the students’ 
heights and weights. Diet data consisted of responses from the YAQ, which is a 147-item survey 
where 135 items were food-related (i.e., eating habits, frequency of consumption) items. Physical 
activity data contained responses form the Physical Activity Questionnaire for Children (PAQ-
C), which is a 10-item recall survey instrument to measure levels of moderate to vigorous 
recommended physical activity in children ages 8-14. Screen time data consisted of responses to 
how many hours per day, outside of school time, were spent watching TV. Sleep data consisted 




“meeting” or “not meeting” expectations per the standardized exams in mathematics, reading, 
and writing. The academic exams were taken 1 year after collecting the lifestyle behavior data. 
Mixed effects logistic regression models were used to adjust for demographic confounders and 
caloric intake were used to determine the independent and combined associations. Mixed effect 
models were also used to address the clustering of students within schools. Weights were applied 
for non-responses to present provincial estimates of the grade 5 student population of Nova 
Scotia. A univariable logistic regression was conducted to assess the independent, individual 
associations between the student’s lifestyle behavior and their academic achievement. Responses 
were dichotomized to either meeting or not meeting recommendations. To analyze combined 
effects, 9 lifestyle behavior items were assessed: vegetables and fruit; grain products; milk and 
alternatives; saturated fat; free sugars; physical activity; sleep, and screen time. Multivariable 
regression models were used where the academic achievement test score was considered as a 
continuous variable. Results showed meeting recommendations for the combined lifestyle 
behaviors items of meat and alternatives, free sugars, sleep, and screen time had significant, 
positive associations with meeting expectations for writing. For the combined effect of the 9-
lifestyle behavior items, for each additional item met, the odds of meeting the expectations for 
mathematics was 1.13 times higher. In addition, for each additional item met, the odds of 
meeting the expectations increased by 1.26 times for reading and increased 1.21 times for 
writing. Among the CLASS participants, Faught et al. identified independent, positive effects 
between meeting established recommendations for diet, sleep, and screen time and academic 
achievement. However, there was no association discovered between meeting physical activity 




lifestyle behavior recommendations has a stronger impact on academic achievement than the 
individual effects of each lifestyle behavior.  
 Faught et al. (2017) utilized cross sectional data from the 2014 Canadian Health Behavior 
in School-Aged Children (HBSC) study (n=28,608) to investigate the independent associations 
of lifestyle behaviors (diet, physical activity, sleep, and screen time) on academic achievement. 
Sampling weights were applied to the sample in order to achieve representativeness of Canadian 
youth by grade, gender and province or territory. Participants, from randomly selected schools, 
included a representative sample of students aged 11-15 years old in all 13 provinces and 
territories. Students who were on First Nation of Indian reserves, private and home schooled, 
and/or incarcerated youth were excluded. The HBSC questionnaire was conducted in conjunction 
with the World Health Organization. Students provided self-reported data of academic 
achievement, diet, physical activity, sleep duration, recreational screen time usage, height, 
weight, and socioeconomic status. Academic achievement was defined into two categories of 
self-reported student responses: excellent (mostly A’s, mostly A’s and B’s) and Fair (Mostly B’s 
and C’s and below).  Physical Activity data consisted of student responses to how often they 
achieve at least 60 minutes of physical activity over 7 days. The responses were categorized into 
3 sections: 0-2 days, 3-5 days, and 6-7 days. Faught et al. conducted an exploratory factor 
analysis to identify foods and behaviors that frequently occur together. The 16 Diet-related 
variables were identified into three factors: junk food and drinks; vegetables, pulses, and fruits, 
and healthy eating habits. For sleep data, students reported their bedtime and wake up time on 
school days and weekend days over the past 7 days. Sleep duration was categorized into age 
group-specific thresholds in the Canadian 24-hour Movement Guidelines for Children and 




the recommendation is 8-10 hours of sleep per night. For screen time data, students were asked 
about their typical usage of various screens (i.e., TV, computer, console, tablet, smartphone, 
and/or other electronic devices) on weekdays and weekends. Schools had the opportunity to 
decide if the survey would be completed online or using paper and pen. Surveys were 
administered during school time (45±70-minute single session) and proctored by a teacher. A 
secondary data analysis using multi-level logistic regression was conducted to assess the 
relationship of lifestyle behaviors and body weight status with academic achievement while 
considering sex, age, and socioeconomic status as potential confounders. Lifestyle behaviors 
(physical activity, diet, sleep, and screen time) and confounders (age, sex, and SES) were first 
considered individually in a univariable analysis to assess unadjusted effects, and then were 
included together in a fully adjusted model. Results indicated independent associations with 
academic achievement. Frequent consumption of vegetables and fruits, breakfast and dinner with 
family, and regular physical activity showed independent positive associations with higher levels 
of academic achievement. Frequent consumption of junk food, not meeting sleep 
recommendations, and being overweight and/or obese behaviors showed independent negative 
associations with academic achievement. 
III. Methodology of YRBS 
 The Youth Risk Behavior Surveillance System (YRBSS) keeps track of the six categories 
of priority health-related behaviors among youth and young adults (i.e., students in grades 9-12) 
in the United States: 1) behaviors that contribute to unintentional injuries; 2) tobacco use; 3) 
alcohol and other drug use; 4) sexual behaviors related to unintended pregnancy and sexually 
transmitted infections (STIs) and human immunodeficiency virus (HIV) infection; 5) unhealthy 




paper-based survey, Youth Risk Behavior Survey (YRBS), which is conducted biennially by the 
Centers for Disease Control and Prevention (CDC). The cycle begins in July of the even-
numbered proceeding year and the questionnaire data is released the following even-number 
year. For example, the 2017 YRBS questionnaire cycle was conducted in 2016 and the final 
2017 YRBS data was publicly released by the summer months of 2018. In addition to the 
national YRBS, there are also state- and large urban school district school-based YRBSs, which 
is conducted by the state and local education and health organizations. In the 2017 national 
YRBS, there were 121 health-related behavior and demographic items for participants to answer 
and provide self-reported data. (Kann et al., 2018)  
 Brener et al. (2013) created an extensive report to provide the history and changes made 
to the YBRSS and in turn the national YRBS methodology. According to Brener et al. (2013), 
the CDC initially reviewed the leading causes of morbidity and mortality among youths and 
adults in the United States. Then, the CDC and the steering committee established a panel, which 
included intra- and inter-federal agencies (i.e., Department of Education, National Institutes of 
Health, the Health Resources and Services Administration, etc.), survey research specialists, 
scientists, and relevant staff who identified the highest priority behaviors and recommended a 
limited number of questions to determine the prevalence of those behaviors. Appropriate 
revisions are proposed and made based on the feedback from content experts from CDC, 
academia, other federal agencies, state, territorial, and local education agencies, state health 
departments, as well as national organizations, foundations, and institutes. Feedback is obtained 
from an estimate of 800 persons. The 2013 national YRBS has changed from the very first 
questionnaire in 1991; questions that did not fit in the six-priority health-risk behavior categories 




national priorities (i.e., Healthy People 2010, Healthy People 2020). Subsequently, to ensure 
high-quality data, which leads to high-quality data, the CDC adheres to up-to-date standards by 
the Office of Management and Budget, conducts evaluation studies as well as field testing. For 
sites that may wish to modify the standard questionnaire, the CDC provides a list of optional 
questions for considerations. The national YRBS questionnaire instructed students to record their 
responses on a computer-scannable questionnaire booklet. It is important to highlight that skip 
patterns were not included at all to prevent a pattern of blank responses that might identify the 
specific health-risk behaviors of other students. Furthermore, having no skip patterns encouraged 
a similar amount of time required to complete the questionnaire among participants. To test for 
the reliability and validity of the questionnaire, the CDC conducted two test-retest reliability 
studies of the national YRBS questionnaire. Currently, there is no study that has assessed the 
validity of all self-reported behaviors that are included in the questionnaire. For the national 
YRBS, the CDC contracted a third-party vendor, ICF Macro, Inc. for sample design and sample 
selection. A three-stage, cluster sample design is used to create a nationally representative 
sample of students in grades 9 to 12 in the United States for the national YRBS. For the 
publically available dataset, weights that are based on student’s sex, race/ethnicity, and school 
grade have been applied to adjust for nonresponse and oversampling of Black and Hispanic 
students. The statisticians trim and distribute weights using an iterative process where the final 
overall weights are scaled. The weighted count of students equaled the total sample size. 
Additionally, the weight proportions of students in each grade reflected the national population 
projections for each survey year.  It is important to highlight that any students who refused to 




resource, used to understand the methodology of the national YRBS, how survey items are 
revised and included in the final questionnaire as well as the rationale behind them.  
 It is important to emphasize that while the YRBS is one of the largest, comprehensive 
survey tools that primarily focuses on health-related behaviors of adolescents, it is administered 
at schools as a pencil-and-paper survey. Brener et al. (2006) explored whether the prevalence of 
self-reported health-risk behaviors among high school students, grade 9 to 11, in the U.S., varied 
by survey setting and survey administration types. The purpose of their study was to identify and 
help explain the differences in reporting of health-risk behaviors by survey setting and 
administration method. Survey setting was defined as either at school or at home. Survey 
administration method was defined as either paper and pencil or computer. The study design 
included students in grades 9-11 who were randomly assigned to any of the four categories: 
school paper-and-pencil instrument (PAPI), school computer-assisted self-interview (CASI), 
home PAPI, and home CASI. Researchers asked 4,506 students from 64 schools in 8 states to 
complete identically worded survey, “student health survey”, based on the 2003 Youth Risk 
Behavior Survey (YRBS) questionnaire. For PAPI type, standard procedures for the national 
YRBS were used. For home PAPI, trained data collectors visited students’ homes and 
administered the survey either at the home or nearby libraries. For CASI and home CASI types, 
trained data collectors instructed students on how to use the computer to start and complete the 
survey at school and at home, respectively. Researchers followed the standard YRBS codebook 
and dichotomized the responses. Logistic regression models and Chi-square analyses were 
conducted on SUDAAN to determine the main effects of survey setting and survey 
administration method on the reporting of health-risk behaviors, while controlling for sex, 




examine the effect of the interaction of survey setting and survey administration method. Across 
all survey administration methods, the response rates were very similar to each other. Results 
showed that more than half of the behaviors had a significant survey setting effect. Setting was 
significantly associated with reporting 30 out of the 55 self-reported health-risk behaviors. 
Survey administration method was significantly associated with reporting 7 out of the 55 self-
reported health-risk behaviors. Researchers concluded that there were greater odds of reporting 
less sensitive health-risk behavior among students who completed surveys at school than those 
who completed them at home. For more sensitive health-risk behaviors (i.e., injury, alcohol, drug 
use, violence, suicide, sexual behaviors, and unhealthy weight control), students were more 
likely to report using CASI at home as there seemed to be more perceived anonymity, perceived 
privacy, trust, and comfort compared to the other administration methods. This is an important 
study to highlight the methodological factors that need to be taken into considered when 
developing and disseminating surveys.  
 Eaton et al. (2010) conducted a similar evaluation study of Brener et al. (2006) to 
compare the paper-and-pencil and the web administration of the YRBS. The CDC conducted an 
experimental study in 2008 to understand to what extent would changing the YRBS 
administration will impact student participation, usability and feasibility, data quality, perceived 
privacy and confidentiality, and prevalence estimates. From convenience sampling, the final 
sample included 5,227 students in grades 9 or 10 from 85 schools in 15 states in U.S.. 
Participating schools were randomly assigned to any of the four categories: 1) in-class PAPI; 2) 
in class Web without programmed skip patterns; 3) in-class Web with programmed skip patterns; 
and 4) “on your own” Web without programmed skip patterns. The questionnaire included 91 




questionnaire gauged students’ preferred survey mode, computer experience, and where the 
student completed the questionnaire. Adhering to the national YRBS procedures, trained data 
collectors were present to explain survey procedures and monitor for survey completion. For 
analysis, researchers dichotomized responses. Logistic regression models were conducted to 
measure the effect of survey mode on reporting of each health-risk behavior. Chi-square analyses 
via SUDAAN were conducted to assess the differences in students’ demographic characteristics 
by survey mode. Additionally, for each health-risk behavior, additional analyses were conducted 
to examine whether the effect of the survey mode was changed by sex, race/ethnicity or age. 
Results showed that survey mode was significantly associated with the reporting of 7 health-risk-
behaviors, after controlling for sex, race/ethnicity, and age. However, there were no differences 
by sex, race/ ethnicity or age. Researchers discovered that students were likely to complete items 
involving the following health-risk behaviors: drinking under the influence, school violence, 
dating violence, tobacco and drug use, and sexual behaviors on the Web-based survey as 
opposed to the PAPI. However, the findings suggested that the health-risk behaviors prevalence 
obtained from PAPI and in class Web questionnaires were relatively the same. Therefore, 
researchers concluded while there was a higher likelihood that students would complete the 
Web-based survey as opposed to PAPI, there is inconclusive evidence to transition the paper-
and-pen YRBS administration to a Web survey administration. This is an important study to 
highlight, as it is the first study to compare the reporting of health-risk behaviors from a PAPI 
versus a Web-based survey and provides evidence as to potentially why the CDC continues to 
conduct paper-and-pen YRBS questionnaires at the national, state, and local levels in schools.  
 Contrastingly, Raghupathy and Hahn-Smith (2012) assessed the reliability of the web-




web-based YRBS should be explored as an alternative to the paper survey. Researchers used a 
convenience sample of U.S. high school students, grades 9 to 12. The final study sample 
included 199 students who completed the test and retest of the web based YRBS. The survey 
included 79 items: 5 items were on demographic characteristics and 74 items were on health-risk 
behaviors (i.e., injuries and violence, tobacco use, alcohol and other drug use, sexual behaviors, 
and physical activity. Students were asked to self-administer and complete the survey on the 
computers at school, where each student was provided with a unique student ID. After 2 weeks, 
students were asked to complete the survey for test-retest reliability. For analysis, researchers 
dichotomized students’ responses. Furthermore, researchers removed 10 items that included a 7-
day reference period, as that would not be consistent during a 2-week timeframe for the test-
retest. Therefore, researchers calculated the Kappa statistic for each of the remaining 69 items to 
measure inter-rater agreement. Researchers compared prevalence rates of each health-risk 
behavior at time point 1 as opposed to those at time point 2 (two weeks later) to determine the 
reliability of group estimates. Results showed that the majority, 87%, of the survey items had 
either moderate or substantial reliability from time point 1 to time point 2. Interestingly, results 
showed that some of the health-risk behaviors presented very low and very prevalence rates. 
Unintentional injuries and violence and dietary behaviors had the lowest kappa reliability scores 
while sexual behaviors had the highest kappa reliability scores. The mean Kappa reliability score 
in this study was similar to the findings of Brener et al. (2006), which researchers concluded that 
the YRBS might have retained the reliability of its items when administered as a web-based 
option. Researchers concluded that a web-based YRBS can be seen as an alternative method, 
however, there are many other variables to consider acquiring accurate and generalizable data 




collectors, classroom time and schedules, school administration, etc. This is an important to 
highlight, as it was the first study to find that the web-based administration method of YRBS 
produced comparable reliability scores to that of paper-and-pen based YRBS were utilized.  
IV. Typology Studies  
 Previous research on health-risk behaviors have produced single fit regressions, focused 
on single mode of responses, and placed less focus on the identifying the character traits and 
narratives of the participants (Bradley & Greene, 2013; Busch et al., 2014; CDC, 2016; Faught et 
al., 2017; McLeod et al, 2013; Michael et al., 2015; Murray et al., 2007; Rasberry et al., 2011; 
Rasberry et al., 2015; Rasberry et al., 2017). A way to address the critiques of previous work, 
especially when it comes to methodology, is typology studies. Typology studies are exploratory, 
descriptive, and people-centric where the focus is to identify and characterize homogenous 
subgroups within a large heterogeneous population (Babbin et al., 2015). Typology studies are 
unique and distinct due to its distinctive use of Latent Class Analysis (LCA) as the statistical, 
methodological approach. LCA is a statistical technique that is person-centric versus variable 
centric, where it draws from commonly used techniques of item response theory and factor 
analysis (Graves & Bowers, 2018; Muth´en & Muth´en, 2012; Samuelsen & Raczynski, 2013). 
In LCA, if there is an underlying categorical variable, individuals are classified into distinct 
classes. Individuals in the same class are similar and share common characteristics (Collins & 
Lanza, 2010). LCA is also a subset of mixture modeling, where it is useful in determining the 
extent to which there is one or more than one subgroup of responders within a dataset. LCA 
evaluates how groups of individuals differ or relate to one another and aim to identify the 
different subtypes (Boyce & Bowers, 2016; Graves & Bowers, 2018; Jung & Wickrama, 2008; 




Ssewanyana et al. (2020) conducted a cross-sectional, secondary data analysis study, 
using a LCA statistical approach in order to investigate the co-occurrence of injury and violence, 
substance use, hygiene, physical activity, and diet-related risk behaviors among 1060 
adolescents, ages 13 to 19, in a rural area on the Kenya Coast, Africa. Participants were 
randomly recruited from the Kilifi Health and Demographic Surveillance System (KHDSS) and 
were asked to complete a self-reported, audio computer-assisted questionnaire. To assess the five 
categories of health-risk behaviors, researchers isolated 13 behavioral factors. Researchers 
adapted the core questionnaire module of the 2013 Global Student Health Survey (GSHS) for 
questions related to the 13 behavioral factors. Using STATA, researchers conducted a 3-step 
LCA to identify the groups of young people and to what extent were they showcasing the 
selected health-risk behaviors. The following contextual variables were included in the initial 
step: age, adolescent age group, sex, residence, depressive symptoms, school attendance status, 
and parental monitoring during the past 30 days. To account for missing data, researchers used 
multiple imputation. Researchers deferred to the lower AIC and BIC values as well as entropy to 
determine the number of latent classes. In addition, researchers conducted stepwise ordinal 
logistic regression with nonparametric bootstrapping at 95% confidence level in order to identify 
the factors related to latent class membership. Results showed three unique classes: low risk-
takers, moderate risk-takers, and high risk-takers. In comparison to that of the two other latent 
classes, Low risk-takers reported having better oral hygiene and hand washing, highest daily fruit 
intake, and abstinence from substance use (e.g., alcohol, tobacco, and marijuana). In contrast to 
the that of the two other latent classes, High risk-takers reported the lowest daily fruit 
consumption, more physical inactivity, and very involved in substance use as well as injury and 




examining five categories of health-risk behaviors, this is an important study to highlight as 
researchers used LCA to create health-risk behavioral clusters as a means to create tailored 
multi-level health and wellbeing interventions for young people. 
Boyce and Bowers (2016) utilized a typology approach instead of a homogenous single 
“best fit” regression linear model or structural model in order to identify and understand the 
types of principals who leave their schools in the United States. The study sample included a 
subset of 1,470 principals from the 2007-2008 Schools and Staffing Survey (SASS) and the 
2008-2009 Principal Follow-up Survey (PFS). These principals departed from their schools 
between the 2007-2008 administration of SASS and the 2008-2009 administration of PFS. 
Researchers decided to use LCA as it places the focus on principals, the respondents, and aims to 
identify and connect how other factors related to the principals. The following variables were 
included in the analysis: principal self-perception of influence, frequency of school climate 
problems, principal attitudes, and salary dispositions. The following covariates were included in 
the analysis: gender, minority, age, experience, education, salary, collective bargaining, parent 
involvement, school size, urbanicity, school grade levels, and students’ socioeconomic status 
(SES). There were four possible types of turnover also known as distal outcomes: principal 
position, other school position, district office position, and retired. The covariates predicted 
principal subgroups and the subgroups predicted the type of principal turnover. Prior to 
performing LCA, researchers conducted a priori power analysis to ensure that the sample size 
was sufficient for an LCA. Through Mplus, researchers performed a three-step LCA to identify 
the latent classes of principals who left their schools. Researchers determined the best-fit, most 
parsimonious model by reviewing the AIC, BIC, Lo-Mendell-Rubin LMR, and entropy. 




the national population of principals in the United States. Results showed two statistically 
different subgroups: disaffected and satisfied. Disaffected group of principals were considered to 
be the ones who had lower levels of influence in schools, lower salary dispositions, and higher 
occurrences of the school climate problems. Satisfied group of principals reported to have higher 
levels of influence in schools, higher principal attitudes, higher salary dispositions, and lower 
occurrences of school climate issues, and set higher performance standards. An interesting 
finding was how schools that had principals in the disaffected group had more cases of student 
physical fights, bullying, and disrespect for teachers. Furthermore, compared to the number of 
female principals in the satisfied group, female principals were 1.87 times more likely to be in 
the disaffected group. Researchers concluded that there are two subgroups of principals who 
leave their schools, where the biggest difference was where they transitioned to: the disaffect 
subgroup was more likely to move to a non-principal school position than the satisfied group. 
Using this typology study approach, the study’s findings showed more than one type of 
principals who left their schools. Being able to see the various subgroups, tailored and more 
applicable recommendations and resources can be created to best support the different types of 
principals. By identifying the different subgroups, researchers can develop tailored interventions 
for reducing principal turnover and promoting principal retention.  
Graves and Bowers (2018) conducted a secondary data analysis typology study to 
identify different types of teachers who use technology and understand to what extent do school 
and teacher level variables predict membership in various subgroups in the typology. 
Researchers used a nationally generalizable sample of 2,764 teachers from the Teachers’ Use of 
Educational Technology in U.S. Public Schools in the 2009 Fast Response Survey System 




Internet access, teachers’ responses on students’ use of educational technology, teachers’ 
professional development, and availability of technology resources. In order to determine the 
extent to which there are homogenous groups of individuals within a heterogeneous FRSS 
dataset, researchers conducted a three-step latent class analysis (LCA). The indicator variables 
that were included in analysis were: teacher use of technology for instruction, preparation to use 
technology, deposition toward professional learning, use of technology for productivity, and 
teacher-directed student use of technology for discrete and hands-on skills. The following 
covariates were included in the model: student socioeconomic status (SES), school type, 
enrollment, years of teacher experience, and total number of school computers. For analysis, 
researchers added final sampling weights in order for the results of the LCA to be generalizable 
to a national population of teachers who use technology in the United States in 2009. Through 
Mplus, researchers conducted an initial LCA using indicator variables only to determine the 
number of statistically different types of teachers who use technology through hypothesis testing. 
For the second step, researchers conducted another LCA with the covariates and included a post-
hoc multinomial logistic regression in order to estimate the odds of individuals belonging to a 
group based on the covariates. The third step, which is to produce distal outcomes, was removed 
due to a dearth of follow up data. In order to determine the best-fit model, researchers referred to 
the AIC, BIC, entropy, and LMR fit statistic. Results showed four statistically significant 
subgroups of teachers who use technology: Dexterous (i.e., high users for wide range of 
purposes), Evaders (i.e., technology resistors), Assessors (i.e., technology users to practice basic 
skills), and Presenters (i.e., technology users for lectures and presentations). Covariates, such as 
students’ SES, showed that teachers were 1.36 times more likely to be in the Assessors group 




for free and reduced lunch. Furthermore, teachers were 1.48 times more likely to be a part of the 
Evaders group than Dexterous group if the teachers were in small schools (less than 300 students 
enrolled). Researchers concluded that teachers who use technology are not a singular, monolithic 
group but in fact are randomly distributed across school settings. This is an important study to 
highlight, as it was one of the first studies to provide nationally generalizable depictions of 
technology use in schools. Furthermore, the typological study approach and findings could 
inform school leaders and policy makers for new digital tools evaluation, design tailored 
professional learning for teachers, and better address the inequalities in technology access, 
teacher knowledge, and technology-mediated learning experiences and outcomes for students.  
 Typology studies are important and useful, especially in this field of health behavior 
studies, as they allow for us to address the specific characteristics, issues, and solutions needed 
for participating individuals and/or groups. While individuals have unique behavioral patterns, 
there may be homogenous subgroups of individuals that can better address and explain behavior.  
Tan et al. (2019) conducted a qualitative study from October 2017 to June 2018 that consisted of 
35 Gay, Bisexual, Queer (GBQ) men, aged 21 years and older, in Singapore. The purpose of the 
study was to identify the possible different groups of HIV/sexually transmitted infection (STI) 
testers in order to develop tailored interventions. Interviews were conducted by trained 
qualitative researchers, experienced volunteers who peer-led support groups, and HIV-positive 
GBQ men in local GBQ male community. The interviews were semi-structured, audio-recorded, 
and ranged from 45 to 90 minutes. Participants were asked questions that included topics of 
sexual identify formation and development, formative sexual experiences, relationships, 
HIV/STI testing experiences, experiences with health care institutions and other community-




Researchers conducted a thematic analysis (TA) via a six-stage process to develop a list of codes, 
subthemes, and themes. At the last stage of TA, researchers categorized participants based on 
their regularity of testing (episodic or regular) and their source of motivation to test (internal or 
external). Results showed there are four distinct groups of testers: triggered episodic testers, 
influenced episodic testers, institutionalized regular testers, and value-based regular testers. 
Researchers defined participants who experienced heightened fear of having acquired HIV or 
STIs immediately after a sexual interaction as triggered episodic testers. Researchers defined 
participants who were influenced by friends, family, and/or received emotional support and 
encouragement to get tested from community-based organizations as influenced episodic testers. 
Those who get tested routinely through employment or other health care organizations were 
considered as institutionalized regular testers. Participants who placed value and importance on 
getting tested regularly were considered value-based regular testers. Researchers concluded that 
the smallest group of participants were institutionalized regular testers as testers were dependent 
on an external institution such as their employers or health care professionals to influence, 
incentivize, and promote HIV/STI testing. Furthermore, most participants were a part of the 
triggered episodic testers group and influenced episodic testers group. This is an important study 
as it generated a typology of HIV/STI testers among GBQ men, which can be used to create a 
spectrum of interventions to increase regular HIV/STI testing among GBQ men. In addition, thus 
study’s findings emphasized the need to differentiate health promotion messaging and 
interventions to optimize outreach to and among GBQ men in Singapore.  
 Parker et al. (2019) conducted a cross section study of 473 secondary school students in 
Melbourne, Australia to identify the typology of activity-related behaviors exhibited among these 




Students were asked to wear an actigraph to measure physical activity as well as complete a 
survey to measure activity-related behaviors and collect socio-demographic characteristics (i.e., 
birthdate, sex, cultural identify, school grade average, dog ownership, and employment status). 
The activity-related behaviors included: active travel to/from school (i.e., walking or cycling), 
leisure-time sport or physical activity, time spent engaging in watching TV, time spent using 
electronic media, time playing video games, and time spent completing homework. Students 
self-reported their physical activity and sedentary behaviors conducted during weekdays and 
weekends. Trained research staff measured students’ height, weight, and body mass index 
(BMI). To identify groups of students who share similar activity-related behavior, researchers 
conducted a Latent Class Analysis (LCA) in Mplus. To conduct LCA, researchers dichotomously 
categorized students’ responses as either yes or no. In order to account for any missing data, 
researchers used the maximum likelihood estimation in Mplus. Researchers determined the 
appropriate number of classes by examining the Lo-Mendell-Rubin likelihood ratio test, 
Bayesian Information Criteria, Akaike Information Criteria, Entropy, and class size. Through 
STATA, Researchers conducted one-way ANOVAs to determine if there were any differences in 
age, socioeconomic position (SEP), and moderate to vigorous physical activity (MVPA). 
Similarly, researchers used chi-square tests to assess differences according to sex, cultural 
identify, school grade average, dog ownership, weight status, employment statues, and 
differences in self-reported activity-related behaviors. Based on the Lo-Mendell-Rubin test and 
AIC value, researchers identified three classes: group 1 (physically inactive and highly 
sedentary), group 2 (moderately active and high screen time), and group 3 (highly active and low 
sedentary). Most of the students belonged to group 1 where group 3 had the smallest number of 




younger in age, less likely to be overweight, most likely had a dog, walked or cycled to school, 
spent the most time in moderate-to-vigorous physical activity, most likely played a leisure-time 
sport, and the least amount of sedentary behavior. Researchers concluded that identifying the 
wide spectrum of individual, social, and environmental factors of young people as well as 
understanding how adolescents’ behaviors cluster are critical when developing health and 
wellbeing solutions that focus on multiple behaviors. This is an important study to highlight as 
researchers utilized a typology approach that was focused on the discovering adolescents’ 
character traits in addition to their activity-related behaviors in order to create tailored 
interventions to increase their activity-related behaviors.  
 Gohari et al. (2019) conducted a cross-sectional study to identify the types of students 
who engage in alcohol consumption in secondary schools across Ontario and Alberta, Canada.  
Researchers were interested in discovering the alcohol consumption patterns among adolescents 
and explore how these patterns vary across schools as well as if individual- and school-level 
factors are associated with alcohol consumption. The study sample included 45,298 Canadian 
students from grades 9 to 12 from 89 secondary schools. These students participated in the 
longitudinal Cannabis, Obesity, Mental Health, Physical Activity, Alcohol use, Smoking, and 
Sedentary behavior (COMPASS) study during the 2013-2014 school year. To capture measures 
for alcohol consumption, students were asked to complete a self-reported questionnaire, 
Canadian Student Tobacco, Alcohol and Drug Survey, during the school day. Students were 
asked: their frequency of alcohol consumption, their frequency of binge drinking, and their age 
of alcohol-use initiation. The following covariates were included in the data collection: gender, 
grade, median household income (MHI), and the number of off-premise alcohol outlets. 




Class Analysis (LCA) to investigate whether there is a latent structure that displays the 
heterogeneity in the drinking patterns of a sample of Canadian secondary school students. For 
LCA, researchers did not include the nested structure of students within schools. It is assumed 
that observations are independent of each other in traditional LCA. Researchers relied on the 
Bayesian information criterion (BIC) to evaluate the relative of models. As students are 
classified into schools, in Phase 2, researchers used nonparametric multilevel latent class analysis 
(MLCA) to allow for latent class membership to vary across schools. Lastly, in Phase 3, 
researchers included covariates (i.e., student- and school-level characteristics) in MLCA to 
measure their impact on membership of student- and school-level groups. Researchers conducted 
adjusted odds ratios and confidence intervals to summarize the effects of covariates. Full 
information maximum likelihood (FIML) was used in Mplus to account for any missing value. If 
students had missing covariates, they were removed from analysis. However, if cases had 
covariates but no responses for the alcohol consumption questions, they were included in the 
data analysis. Results showed how students could be classified into distinct subgroups, where 
each subgroup represents a pattern of alcohol consumption. Through LCA and MLCA, there 
were 4 student-level groups and 2 school-level latent groups. The student-level groups included: 
non-drinkers, light drinkers, regular drinkers, and heavy drinkers. Most students belonged to 
either the non-drinker or light-drinker group. The school-level groups included: low-use and 
high-use. Low-use schools are defined as schools with a relatively large number of non-drinkers 
and high-use schools are defined as schools with higher rates of regular and heavy drinkers. 
Study findings showed how male and upper grade students exhibited a higher likelihood of 
engaging in high-level patterns of alcohol consumption compared to the other subgroups. 




Researchers concluded that universal alcohol use intervention programs were not effective as the 
findings demonstrated significant differences in students’ engagement in alcohol consumption 
across grades and schools. This is an important study, as it aimed to understand distinct patterns 
of young people and their alcohol use across different schools in order to reduce alcohol-related 
harm by targeting the highest-risk student groups.  
V. School Implications   
In the United States, students and teachers spend an incredible amount of time in school, 
where schools play a fundamental role in adolescents’ identity development (OCED, 2020; 
Verhoeven et al., 2019). According to the Whole School, Whole Community, Whole Child 
model, there are ten components that work together and impact students’ social, emotional, and 
cognitive development as well as promote overall health and wellbeing (Lewallen et al., 2015). 
One of the WSWC components is school climate. School climate can be defined as and may 
include the following: students’ educational experiences, students’ perception of school safety, 
relationships with other students, and students’ perceptions of teaching and learning (Bradshaw 
et al., 2014; Gase et al., 2018; Michael et al., 2015). School connectedness, as a part of school 
climate, along with family connectedness are related to the following multiple health outcomes: 
reducing emotional distress, reducing odds of suicidal ideation, lower odds in engaging and/ or 
being exposed to sexual-risk behaviors, and lower odds in substance use (Steiner et al., 2019).  
There is an emerging area of research and literature focusing on school climate and its 
influence on student social, emotional, and cognitive outcomes. Gase et al. (2018) conducted a 
cross-sectional, secondary data analysis study to assess the association between school climate 
components and student wellbeing. The study sample included 33,572 secondary school students 




the following five wellbeing outcomes: depressive symptoms or suicidal ideation, tobacco use, 
alcohol use, marijuana use, and academic achievement via school grade point average (GPA). To 
assess school climate and health-risk behaviors, researchers adapted questions from the 
California Health Kids Survey (CHKS), California School Climate Survey (CSCS), and 
California Department of Education (CDE). All of these derived surveys are anonymous, self-
reported, and voluntary. The following variables were controlled for: sex, grade level, and 
race/ethnicity. The outcome variable was school GPA. Researchers conducted multilevel logistic 
regression and multilevel linear regression to investigate the relationship among depressive 
symptoms or suicidal ideation, tobacco use, alcohol use, marijuana use, and school climate as 
well as all of these variables in relation to school GPA. Results showed higher levels of student 
engagement and school safety were strongly associated with lower levels of depressive 
symptoms or suicidal ideation, tobacco use, alcohol use, marijuana use. This is an important 
study due to its large sample size. In addition, its findings provide suggestive evidence for the 
importance of unpacking school climate elements as that may help students, specifically students 
of color, to feel connected, stay in school, and ultimately lead to positive health outcomes.  
In the past 40 years, the CDC has delivered extensive efforts to support schools 
implement effective school health education and health promotion but there are education 
resource inequities across schools in the United states (Auld et al., 2020; Brener et al., 2017). A 
vast majority of young people with mental health issues, among many additional health-related 
issues, do not receive treatment, which calls for a vital need to develop programs and 
interventions in community settings such as schools (Girio-Herrera et al. 2019). In addition, 
these health-related efforts are not considered as “core” subject or a not higher priority for many 




school report card indicators, and school improvement plans across states (Auld et al. 2020; 
Child Trends, 2019). Although schools may seem to provide a place for coordinated school 
health strategies to address and support various, interrelated needs of students, there are unique 
and complex challenges in creating and sustaining school-based health programs, plans, and 
























Study and Sample Design  
 This is a quantitative, secondary data analysis of the 2019 national Youth Risk Behavior 
Survey (YRBS).  The YRBS is administered biennially by the U.S. Centers for Disease Control 
and Prevention (CDC) using outside contractors.  The 2019 National YRBS is a 99-item self-
administered survey, where students are to record their responses on a computer-scannable 
questionnaire booklet or answer sheet. Skip patterns are not included in any YRBS questionnaire 
to help ensure that similar amounts of time are required to complete the questionnaire, regardless 
of each student’s health-risk behavior status. For the national YRBS survey, the unit of analysis 
consisted of all students from grades 9 through 12 from all public and private schools in the 
United States whereas for the state and local survey, the unit of analysis consists of all students 
from grades 9 -12 in that specific state or locality. Schools are selected with probability sampling 
proportional to the size of the student enrollment in grades 9-12. Within selected classes, all 
students were eligible to participate.  Additional information about the sampling design is 
described below in the Data Collection section.   
 The 2019 national YRBS used a three-stage cluster sample design to create a nationally 
representative sample of students in grades 9 to 12, who attended public and private schools 
(CDC, 2020; Underwood et al., 2020). According to the 2020 YRBS Data User Guide, 181 
schools and 17,025 students were randomly selected. Of those 181 schools, 136 schools 
participated which led to a 75% school response rate. Of the 17,025 students, 13,872 students 
completed their surveys. After data editing and cleaning, of those 13,872 surveys, 13,677 surveys 




rate is product of the school response rate and student response rate, the overall response rate for 
the 2020 YRBS was 60%.   
School Level Selection  
All regular public, Catholic, and other private school students, in grades 9 through 12, in 
the 50 States and the District of Columbia were included in the sampling frame for the 
2019 national YRBS. Puerto Rico, the trust territories, and the Virgin Islands were 
excluded. Schools were systematically selected with probability proportional to 
enrollment in grades 9 through 12 using a random start.  
Class Level Selection  
All classes in a required subject or all classes meeting during a particular period of the 
day, depending on the school, were included in the sampling frame. Systematic equal 
probability sampling with a random start was used to select classes from each school that 
participated in the survey. 
Data Source 
 In 1990, the Centers for Disease Control and Prevention (CDC) created the Youth Risk 
Behavior Surveillance System (YRBSS) to monitor and gauge priority health-risk behaviors 
among youth in the United States. From 1991 to 2019, YRBSS has collected data from more 
than 4.9 million high school students in nearly 2,100 separate surveys (Underwood et al., 2020, 
CDC, 2020). The ongoing YRBS conducted by the YRBSS include school-based national, state, 
tribal, and large urban school district surveys of representative samples of high school students 
(9th to 12th grade) and, in certain sites, representative state, territorial, and large urban school 
district surveys of middle school students (CDC, 2020). These surveys are conducted every two 




 The research objectives of the YRBS survey are to determine the prevalence of health 
behaviors, assess whether health behaviors have changed over time, and assess the health 
behaviors among all students from grades 9 to 12. There are 121 health-related behaviors, which 
are group in six categories: 1) behaviors that contribute to unintentional injuries and violence; 2) 
tobacco use; 3) alcohol and other drug use; 4) sexual behaviors related to unintended pregnancy 
and sexually transmitted infections (STIs), including HIV infection; 5) unhealthy dietary 
behaviors; and 6) physical inactivity. In addition to the health-related behavior survey items, 
demographic subgroups are defined by sex, race/ethnicity, grade in school, and sexual minority 
status. These behaviors frequently are interrelated and are established during childhood and 
adolescence and extend into adulthood. The national survey is conducted by CDC and provides 
representative data of 9th to 12th grade students in public and private schools in the United 
States. In contrast, departments of health and education conduct the state, territorial, tribal 
government, and local surveys. Unlike the national survey data, this local data is representative 
of mostly public high school students in each jurisdiction (CDC, 2020; Underwood et al., 2020). 
For this research study, the focus will be on national YRBS data.   
Data Collection 
 The national YRBS used a three-stage, cluster sample survey design in order to construct 
a nationally representative sample of U.S. students in grades 9 to 12. The target population 
comprised all public and private school students in grades 9 to 12 in the 50 states. U.S. territories 
are not included in the sampling frame. Before administering the YRBS in any school, local 
procedures are followed to obtain parental permission. Certain schools use active consent, where 




can participate. Other schools use passive consent, where parents send back a signed form only if 
they do not want their child to participate in the survey (CDC, 2020). 
 For the national survey and for the majority of state, territorial, tribal, and large urban 
school district surveys, trained data collectors travel to each participating school to administer 
the questionnaires to students. These data collectors read a standardized script to participating 
students. The script includes an introduction to the survey. Data collectors also record 
information about schools and classrooms (e.g., grade level of classes sampled, and number of 
students enrolled in a sampled class).  Later in the survey process, this information is used to 
verify sample selection and to weight data. In certain state, territorial, tribal, and large urban 
school district surveys, the questionnaires are sent to the school, and teachers of the selected 
classes administer the survey to their class using the standardized administration script. The 
school then sends the completed questionnaires and accompanying documentation forms to the 
agency conducting the survey (CDC, 2020). 
 YRBS procedures are designed to protect and uphold student privacy by allowing for 
anonymous and voluntary participation. In all surveys, students complete the self-administered 
questionnaire during one class period, approximately 45 minutes, and record their responses 
directly on a computer-scannable booklet or on a computer-scannable answer sheet. To the 
extent possible, students’ desks are spread throughout the classroom to minimize the chance that 
students can see each other’s responses. Students also are encouraged to use an extra sheet of 
paper or an envelope provided by the data collector to cover their responses as they complete the 
questionnaire. In the national survey, and in certain state, territorial, tribal, and large urban 
school district surveys, when students complete the questionnaire, they are asked to seal their 




absent on the day of data collection still can complete questionnaires if their privacy can be 
maintained. These makeup data-collection efforts sometimes are administered by the data 
collector; however, if the data collector cannot administer the questionnaire, school personnel 
can perform this task. Allowing students who were absent on the day of data collection to take 
the survey at a later date increases student response rate. In addition, because absent students, 
especially those who are absent without parental permission, are more likely to engage in health-
risk behaviors than students who are not absent (CDC, 2020; Eaton, 2008), makeup data 
collection procedures help provide data representative of all high school students.  
Survey Reliability and Validity 
 According to the CDC, the national school based YRBS has been conducted under 
contract with ICF Macro, Inc., an ICF International Company. This contractor is responsible for 
sample design, sample selection, and obtaining approvals at the appropriate state-, district-, and 
school level to conduct the survey in the selected schools. In addition, the contractor works with 
sampled schools to select classes, schedule data collection, and obtain parental permission. 
Furthermore, the contractor is responsible to hire and train data collectors to follow a 
standardized protocol to administer the questionnaires in the schools and prepare data for 
analysis (CDC, 2020).  
 The national YRBS is conducted during February to May of each odd-numbered year. All 
except a few sites also conduct their survey during this time period; certain sites conduct their 
YRBS during the fall of odd-numbered years or during even numbered years. Separate samples 
and operational procedures are used in the national survey and in the state, territorial, tribal, and 
large urban school district surveys. The national sample is not an aggregation of the state and 




obtained from the national survey. In certain instances, a school is selected as part of the national 
sample as well as a state or large urban school district sample. Similarly, a school might be 
selected as part of both a state and a large urban school district sample or a state and a tribal 
sample. When a school is selected as part of two or more samples, the survey outreach is 
conducted only once to minimize the burden on the school and eliminate duplication of efforts. 
The school’s data then are incorporated into both datasets during data processing. The 
coordination of these overlapping samples is critical to the successful operation of YRBSS, and 
weekly meetings are required to ensure that overlapping schools are identified, responsibilities 
for recruitment and data collection are documented, and methods for sharing data are agreed 
upon (CDC, 2020). 
 The national YRBS sample is designed to produce estimates that are accurate within ±5% 
at a 95% confidence level. Overall estimates as well as estimates for sex, grade, race/ethnicity, 
grade by sex, and race/ethnicity by sex subgroups meet this standard. Estimates for grade by 
race/ethnicity subgroups are accurate within ±5% at a 90% confidence level. For data analysis, a 
weight based on student sex, race/ethnicity, and school grade is been applied in order to account 
for student nonresponse and oversampling of Black and Hispanic students. To avoid inflated 
sampling variances, analysts trimmed and distributed weights exceeding a criterion value among 
untrimmed weights using an iterative process (CDC, 2020; Potter, 1990). According to the 2019 
YRBS Data User’s Guide and Codebook, the final overall weights are scaled so that the 
weighted count of students equals the total sample size and the weighted proportions of students 
in each grade match national population projections for each survey year. Therefore, the 
weighted estimates are representative of all students in grades 9 to 12 who attend public and 




weight factor that was assigned to each student record has been indicated by “WEIGHT”. For the 
national YRBS and the state, territorial, tribal, and large urban school district surveys, sampled 
schools, classes, and students who refuse to participate were not replaced. Sampling without 
replacement maintained the integrity of the sample design and helps avoid the introduction of 
unmeasurable bias into the sample (CDC, 2020).  
Data Analysis 
 Previous studies have conducted qualitative and mixed methods analyses (Busch et al., 
2014; Murray et al., 2007; Rasberry et al., 2015) using ANOVA, T-Test analysis, Chi-Squared, 
Odds Ratio, Confidence Intervals, Ordinary Least Squares (OLS) and/ regression. There are two 
general categories of statistics to show data: descriptive statistics and inferential statistics. 
Descriptive statistics help summarize the collected data through tabulated description, graphical 
description, and statistical commentary.  This usually involve measures of central tendency (i.e., 
mean, median, mode) and measures of dispersion (i.e., variance, standard deviation, etc.). 
Descriptive statistics do not, however, allow researchers to make conclusions beyond the data we 
have analyzed or reach conclusions regarding any hypotheses that might have made. Inferential 
statistics are techniques that allow us to use these samples to make generalizations about the 
populations from which the samples were drawn and extrapolate conclusions about the 
population, on the basis of sample analysis and observation.  
 In a recent study using the 2015 national YRBS, Rasberry et. al (2017) were interested in 
maximum likelihood estimation of prevalence ratios of health-related behaviors, by letter grades 
earned among high school students. Unadjusted prevalence estimates were calculated. 
Additionally, linear and quadratic trend analyses logistic regression models were used to 




each health-related behavior while controlling for sex, race/ethnicity, and grade (9th, 10th, 11th, 
or 12th) at p<0.05. Wald F p-values from the logistic regressions were used to determine 
statistically significant associations between overall self-reported letter grades in school and each 
behavior with an alpha level of 0.05. Comparisons of students with specific self-reported grades 
(mostly A’s, mostly B’s, or mostly C’s) against a combined referent group of students with 
mostly D’s/F’s were also assessed. Logistic regression models controlling for sex, race/ethnicity, 
and grade in school found that students who earned mostly A’s, mostly B’s, or mostly C’s had 
statistically significantly higher prevalence estimates for most protective health-related behaviors 
and significantly lower prevalence estimates for most health-related risk behaviors than did 
students with mostly D’s/F’s.  
Analytic Model 
Most studies to date have focused on the associations between adolescent health-related 
behaviors and educational performance, using a cross-sectional study design, which limits the 
possibility to predict possible causal pathways (Busch et al., 2014) In previous research, ordinal 
logistic-regression (OLR) analysis was conducted to test the independent effects of each 
variable, adjusting for demographics, child personality, and parenting style (Sharif and Sargent 
2006), whereas Bowers and Berland (2013) used a two-level hierarchical linear model (HLM). In 
order to answer the research questions, I will conduct a Latent Class Analysis (LCA) of the 2019 
national YRBS dataset provided by the CDC. LCA is a statistical technique that is person-centric 
versus variable centric, where it draws from commonly used techniques of item response theory 
and factor analysis. It is derived from the concept of likelihood, where the underlying assumption 
is that the observed variables are conditionally independent. Furthermore, the observed variables 




Also, the key difference between factor analysis and LCA is that the focus in Factor Analysis is 
on the structure of the variables whereas the focus is on the structure of the cases for LCA 
(Samuelsen & Raczynski, 2013). I am choosing LCA because I am interested in the typology 
high school (grades 9-12) respondents and aim to identify the different subtypes. In tandem, 
because I am not looking for continuous variables, I will not be using latent profile analysis 
(Lazarsfeld & Henry, 1968). LCA uses an iterative process with a different number of classes in 
each model in order to determine best model fit (Graves & Bowers, 2018). In turn, by using 
LCA, I will be able to answer my research questions of whether there is an association between 
having multiple health-risk behaviors and academic achievement and to which combination of 
health-risk behaviors are the most prevalent among the high school students. As the research 
questions are centered on the students, LCA is the most suitable analytic model.  
Dataset and Variables List:  
There is a total of 99 survey items and 13,677 responses. Adhering to the 2019 National 
YRBS Data Users Guide, Q1 to Q7 will be the socio-demographic variables and the outcome 
variable, self-reported grades, will be Q89. Following the CDC’s protocol for responses located 
in Appendix A of the 2019 National YRBS Data Users Guide, students’ responses will be 
dichotomized. Furthermore, for the survey questions that are negatively worded, I will reverse 
code those survey response items (CDC, 2020).  
Pilot Study  
 According to the 2015 YRBS Data User Guide, from its multi-staged sampling design, 
180 schools and 18,165 students were randomly selected. Of those 180 schools, 125 schools 
participated which led to a 69% school response rate. Of the 18,165 students, 15,713 students 




became usable for analysis. This led to an 86% student response rate. As the overall response 
rate is product of the school response rate and student response rate, the overall response rate for 
the 2015 YRBS was 60% (CDC, 2016).  
School Level Selection  
All regular public, Catholic, and other private school students, in grades 9 through 12, in 
the 50 States and the District of Columbia were included in the sampling frame for the 
2015 national YRBS. Puerto Rico, the trust territories, and the Virgin Islands were 
excluded from the frame. Schools were selected systematically with probability 
proportional to enrollment in grades 9 through 12 using a random start.  
Class Level Selection  
All classes in a required subject or all classes meeting during a particular period of the 
day, depending on the school, were included in the sampling frame. Systematic equal 
probability sampling with a random start was used to select classes from each school that 
participated in the survey. 
Driven by my literature review, I focused on 20 survey items where 14 survey items are 
predictor variables, 1 survey item is the outcome variable, and 5 survey items will serve as the 
covariates. (See Appendix A) The 14 survey items stem from the 7 subcategories: physical 
activity, screen time, breakfast consumption, water consumption, sugar sweetened beverage 
consumption, violence related behavior, and sleep. For physical activity, I chose question 85 
(how often students are physical active) and question 89 (PE attendance). For screen time, I 
chose question 87 (TV watching during weekdays) and question 88 (computer usage during 
weekdays). For breakfast consumption, I chose question 83 (how often students eat breakfast). 




students drink water), question 79 (how often students drink soda or pop), and question 80 (how 
often students drink sports drinks). For violence related behavior, I chose three distinct 
categories: bullying, school connectedness, and depression. For bullying, I chose question 24 
(physical bullying on school property) and question 25 (electronic and/ cyber bullying). For 
school connectedness and depression, I chose question 16 (if students feel safe to attend and be 
at school), question 20 (how often physical fights were on school property) and questions 26 (if 
students felt sad where they did not complete their usual activities). Lastly, for sleep, I chose 
question 96 (how many hours per day do students sleep). The dependent, outcome variable is 
students’ self-reported grades, which are captured in question 97. The 5 categorical covariates 
were age (question 1), sex (question 2), grade (question 3), Hispanic/Latino (question 4), and 
race/ethnicity (question 5). I hypothesized that these covariates predicted which groups these 
students belong to. For the second 3- step LCA, my indicators are student’s: physical activity, 
screen time, sleep behavior, breakfast consumption, water consumption, sugar sweetened 
beverage consumption, and violence related behavior. The context factors, covariates are: age, 
grade level, sex, and race/ethnicity. Dependent, distal outcome variable is student’s academic 























Pilot Study Results  
 The three-class LCA model fit the data well (see Appendix C, Table 4) The three-class 
model had an entropy of 0.6 with AIC of 195513.353 and BIC of 196950.239 and the Lo-
Mendell-Rubin adjusted likelihood ratio test was significant (LMR= 1990.080, p<0.000). These 
values help indicate that students’ health-risk behaviors can be classified across a three latent 
class model (Lo, Mendell, & Rubin, 2001). The three groups were named: Internet Users, Risk 
Takers, and Balancers. Appendix D provides the proportions of responses by subgroup and item 
while Appendix E shows a line plot of the three groups by each indicator.  
 The first group, Internet Users was the smallest group with 15.9% of students’ health-risk 
behaviors (see Appendix E, black line). This group had a high proportion of students who 
indicated that they were bullied on school property (71%), electronically bullied (76%), 




computer for non-school work for more than 2 hours in a school day (53%). The second group, 
Risk Takers, was the second largest group with 36%. (see Appendix E, light gray line). This 
group reported very low activity across all health-risk behavior categories. Lastly, the third 
group, Balancers was the largest group with 48.1%. (see Appendix E, dark gray line). This group 
showed healthy behaviors and less risky behaviors compared to the Internet Users and Risk 
Takers. 87% reported having physical activity for at least 60 minutes a day, 37% of at least 7 
hours of sleep, and 70% had breakfast in the past 7 days (see Appendix D, Table 6).  
 In addition, covariates were examined to estimate the odds of students’ health-risk 
behaviors belonging to a particular group (see Appendix F, Table 7). Balancers group was the 
largest group and also was the reference category. Results show that for the Internet Users, 
contextual factors such as age, sex, race, and ethnicity were significantly associated with group 
belonging, where male students were 1.3 times less likely to be in this group, Non-Hispanic 
students were 3 times less likely to be in this group, and Black students were 3.7 times less likely 
to be in this group. Similarly, for the Risk Takers group, age, sex, race, grade level, and ethnicity 
were significantly associated with group belonging. 15-year-olds were 4.8 less likely to be in this 
group; Male students were 1.7 times less likely to be in this group; Upperclassmen were 4 times 
less likely to be in this group; Non-Hispanic students were 5 times less likely to be in this group, 
and Black students were 2.7 times less likely to be in this group. From these findings, it may be 
suggested that more Hispanic students, lowerclassman, and younger students are Risk Takers in 
comparison to group makeup of the Internet users.  
 Lastly, means were calculated for the distal outcome (see Appendix F, Table 8), which 
resulted in 37.2% of failing students were likely to be found within the Internet Users group, 




failing students were likely to be found within the Balancers group. As the balancers had the 
lowest percentage of failing students, it may be inferred that students who demonstrate healthy 
behaviors perform academically better.   
Assumptions and Limitations  
 There are assumptions and limitations around data collection. YBRS surveys are based 
on representative samples of schools but rely on convenience sampling of classes within schools. 
As the survey is conducted in a designated period at school, the principals at the school may 
choose a class period time where there are more students available to complete the survey and 
who are thought to be representative of the larger student population. However, it may be 
convenience sampling as principals may chose period, where gathering and selecting students to 
complete the YBRS survey is more accessible. Similarly, principals may choose to conduct the 
surveys during times where it is easier for certain teachers to help administer and collect the 
surveys.  
There are inconsistent approaches survey administration and collection. For example, 
schools in New York can administer surveys in the morning whereas neighboring states may 
administer the surveys in the afternoon. Varying times might influence sampling, data collection, 
response rates and response bias. In addition, there is no training for survey monitoring provided. 
There is an overview checklist of how surveys are to be administered and collected however if 
this is the first time for school’s staff members, without training, there may be more of a chance 
for human error. Furthermore, each school’s period time varies. Therefore, some students may 
have more time to complete their surveys. An issue is that the length of time for completing the 
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This following chapter will present the results for the following three research questions 
of the study: first, to what extent are there different types of “student health-risk profiles” of 
multiple health behaviors among high school (grades 9 to 12) students and what are the specific 
implications of these different profiles for schools to consider when supporting students’ needs; 
second, to what extent are these “student health-risk behavior profiles” associated with academic 
achievement; third, to what extent do these “student health-risk behavior profiles” differ across 
critical demographics, such as age, sex, grade level, and ethnicity/race.  
Through IBM SPSS Statistics version 27, linear and ordinal regression analyses were 
conducted to identify a set of indicators that were significantly associated with students’ self-
reported grades. From these analyses, the following health-risk behavior categories were related 
to students’ academic achievement: Violence Related Behavior: School Safety; Violence Related 
Behavior: Bullying; Violence Related Behavior: Suicide; Physical Activity; Screen time; and 
Sleep. In order to preserve the largest sample size possible, driven by existing literature and 
reviewing analyzes from my pilot study of the 2015 national YRBS dataset, ten indicator 
variables were chosen (See Table 1, Table 2, Table 3).  
Through Mplus version 8.5, a Latent Class Analysis (LCA) was conducted to identify a 
distinct number of latent classes or “student health-risk behavior profiles”. Additionally, LCA 
uses an iterative process with a different number of latent classes in each model in order to 
determine best model fit. (See Table 4) The 3-step LCA structural equation model used for the 
analyses includes: indicator variables, covariates (e.g., age, grade level, sex, and ethnicity/race) 




Table 1: Descriptive Statistics of Indicator Variables for Student Health Risk Behaviors and 












YRBS 2019 Variable  
Did not attend school because  
student felt unsafe at school 
 
0 1 0.08 0.269 Q15; 0=No; 1=Yes 
Threatened or injured with a 
weapon on school property 
0 1 0.07 0.245 Q16; 0=No; 1=Yes 
Bullied on school property 0 1 0.19 0.395 Q23; 0=No; 1=Yes 
Electronically bullied 0 1 0.15 0.395 Q24; 0=No; 1=Yes  
Felt sad or hopeless almost 
every day for two weeks or 
more in a row 
0 1 0.37 0.481 Q25; 0=No; 1=Yes 
Ever seriously consider 
attempting suicide 
0 1 0.19 0.394 Q26; 0=No; 1=Yes 
Made a suicide plan  0 1 0.16 0.363 Q27; 0=No; 1=Yes 
Physically Active for at least 
60 minutes 
0 1 0.46 0.498 Q78; 0=more than 4 days; 
1=less than 4 days 
Played video or computer 
games or use the CPU for 
non-school work on a school 
day 
0 1 0.46 0.498 Q80; 0=Less than 2 hours; 
1=more than 2 hours 
Hours of sleep on school 
night 
0 1 0.49 0.500 Q88; 0=more than 6 hours; 
1=less than 6 hours 
 
Table 2: Descriptive Statistics of Covariates for Student Health Risk Behaviors and Academic 
Achievement (N=11,410) 
      
Variable  Min Max Mean SD YRBS 2019 Variable 
Age 0 6 3.96 1.220 Q1; 0=12 years old or younger; 1=13 years 
old; 2=14 years old; 3=15 years old; 4=16 
years old; 5=17 years old; 6=18 years old 
or older 
Sex 0 1 0.48 0.500 Q2; 0=Female; 1=Male 
Grade Level  0 3 1.42 1.098 Q3; 0= 9th grade; 1=10th grade; 2=11th 
grade; 3=12th grade; 9999=Ungraded or 
other grade 
Hispanic/Latino 0 1 0.22 0.417 Q4; 0=No; 1=Yes 
Race 0 7 4.06 1.507 Q5; 0=American Indian or Alaska Native; 
1=Asian; 2=Black or African American; 
3=Native Hawaiian or Other Pacific 
Islander; 4=White; 5=Hispanic/Latino; 
6=Multiple-Hispanic/Latino; 7=Multiple-
Non-Hispanic/Latino 





Table 3: Descriptive Statistics of Distal Outcome for Student Health Risk Behaviors and 
Academic Achievement (N=11,410) 
      
Variable  Min  Max Mean   SD YRBS 2019 Variable 
Academic 
Achievement 
0 1 0.21 0.404 Q89; 0= Mostly A's, Mostly B's; 
1=Mostly C's, Mostly D's, Mostly 
F's;  
 






Results for Research Question 1  
 
Table 4: Latent Class Analysis Results and Fit Statistics for Students Health Risk Behaviors and 






















Two Classes 105232.065 105386.252 52595.032 9453.400 0.000 0.823 
Three Classes 103809.609 104044.560 51872.804 1430.536 0.000 0.829 
Four Classes 103018.450 103334.167 51466.225 805.322 0.000 0.810 
Five Classes 102618.912 103015.393 51255.456 417.476 0.005 0.657 
Six Classes 102531.705 103008.951 51200.852 108.155 0.665 0.675 
Seven Classes 102463.674 103021.685 51155.837 89.163 0.275 0.674 
Eight Classes 102405.616 103044.391 51115.808 79.286 0.444 0.684 
Nine Classes 102355.942 103075.482 51079.971 70.983 0.745 0.733 
Note: AIC = Akaike information criteria; BIC = Bayesian information criteria; LMR = Lo-Mendell-Rubin 
adjusted ratio test  
 
 
Table 5: Average Latent Class Probabilities for Most Likely Latent Class Membership (Column) 
by Latent Class (Row)  
 Class 1 Class 2 Class 3 Class 4 
Class 1  0.781 0.001 0.189 0.029 
Class 2 0.000 0.979 0.006 0.015 
Class 3 0.025 0.106 0.846 0.023 
















































Violence Related Behavior: School 
Safety 
    
Did not attend school because student 
felt unsafe at school 
0.268 0.095 0.160 0.040 
Threatened or injured with a weapon 
on school property 
0.296 0.067 0.182 0.019 
Violence Related Behavior: Bullying     
Bullied on school property 0.869 0.123 0.665 0.038 
Electronically bullied 0.770 0.073 0.569 0.023 
Violence Related Behavior: Suicide     
Felt sad or hopeless almost every day 
for two weeks or more in a row 
0.970 0.829 0.499 0.182 
Ever seriously consider attempting 
suicide 
0.923 0.789 0.049 0.009 
Made a suicide plan 0.797 0.637 0.053 0.010 
Physical Activity     
Physically Active for at least 60 
minutes 
0.531 0.560 0.433 0.403 
Screen time     
Played video or computer games or use 
the CPU for non-school work on a 
school day 
0.544 0.590 0.490 0.425 
Sleep     
Hours of sleep on school night 0.699 0.684 0.504 0.426 
 
When choosing the number of distinct classes, there are several components to consider: 
entropy, AIC level, BIC level, and p-values, where the model that has the lowest value of BIC 
indicates superior fit and the preferred model (Nasserinejad et. al, 2017; Nylund, Asparouthov, 
Muthén, 2017). The Technical 11 output from Mplus version 8.5 produced the output for the k − 
1 class model. Therefore, additionally, to reviewing these characteristics, it is strongly favorable 




From the VLMR test, for five classes, the p-value was 0.0045 and the LMR adjusted LRT 
test produced a p-value of 0.005. Prior to these two tests, we assumed that that there were five 
classes. These tests and their results suggest that four classes are sufficient for our model. It is 
important to note that the LMR adjusted LRT test for four classes yielded a p-value of 0.0000, 
which may suggest that four classes are a better fit model than five classes. In confirming the 
right number of latent classes, one must review if there are too many classes or too few classes. 
The five latent classes did not group students in a meaningful, useful way to truly distinguish one 
student health-risk profile from another. However, the four latent classes measured four unique 
student health-risk profiles where each student health-risk profile significantly differed from one 
another.  
Taking into consideration of parsimony and conservativeness as well as significance, the 
four-class LCA model best fits the data (see Table 4) The four-class model had an entropy of 
0.810 with AIC of 103018.450 and BIC of 103334.167 and the Lo-Mendell-Rubin adjusted 
likelihood ratio test was significant (LMR= 805.322, p<0.000). These values helped indicate that 
students’ health risk behaviors can be classified across a four latent class model (Lo, Mendell, & 
Rubin, 2001). The four “student health-risk behavior profiles” or groups were named as such: 
Level 1 The Most Support Needed (TMSN), Level 2 Suicide Prevention Needed (SPN), Level 3 
Coping Mechanism for Bullying Needed (CMBN), Level 4 Least Support Needed (LSN). Table 
6 provides the proportions of responses by subgroup and item while Figure 4 shows a line plot of 
the three groups by each indicator. Table 7 provides a typology summary of the four different 
student health-risk profiles, where these groups were named by the levels of need, where level 1 






Table 7: Typology Summary of the Four Student Health-Risk Behavior Profiles  




Level 1 The Most Support Needed (TMSN) 
Students who need the most support in all areas. 
Highest proportion of students 
who experienced all behavior 
indicators.  
Level 2 Suicide Prevention Support Needed (SPSN) 
Students who need the most support in suicide prevention  
Highest proportion of students 
who experienced suicide 
ideation. 
Level 3 Coping Mechanism for Bullying Needed (CMBN) 
Students who need the most support in coping mechanisms for 
bullying and cyberbullying 
Highest proportion of students 
who experienced bullying and 
cyberbullying.  
Level 4 Least Support Needed (LSN) 
Students who need the least support in all areas.  
Lowest proportion of students 
who experienced all behavior 
indicators. 
 




The first group, Level 1 TMSN was the smallest group with 6.2% of students’ health risk 
behaviors (see Figure 4, lightest gray line). This group had a high proportion of students who 
indicated that they were bullied on school property (87%), electronically bullied (77%), 
depressed (97%), seriously considered attempting suicide (92%), made a suicide plan (53%), 




more than 2 hours (54%), and slept less than 6 hours on a school night (70%). Level 2 SPSN was 
the second largest group with 14.3%. (see Figure 4, dark gray line) where there was very low 
activity for violence related behaviors for school safety and bullying but substantive activity for 
violence related behavior: suicide as well as for physical activity, screen time, and sleep. 83% 
reported depression, 79% reported seriously considering attempting suicide, 56% reported 
physically active for at least 60 minutes for less than 4 days, 59% reported played video or 
computer games or used computer for non-school work on a school day for more than 2 hours, 
and 68% reported slept less than 6 hours on a school night. Level 3 CMBN were the third largest 
group with 12.8% (see Figure 4, darkest gray line). This group reported low activity for violence 
related behaviors for school safety and suicide and notable activity for school related violence: 
bullying and hours of sleep on a school night. 67% reported bullied on school property, 57% 
electronically bullied, and 50% slept less than 6 hours on a school night. This group showed less 
risky behaviors and experiences compared to the Level 1 TMSN and Level 3 CMBN groups. 
Level 4 LSN, was the largest group with 66.7%. (see Figure 4, black line). This group reported 
very low activity across all health-risk behavior categories. 
Results for Research Question 2 
 
Table 8: Means for Distal Outcome (N=11,410) 
 Level 1 
TMSN 
(6.2%) 










        p 
Variable       
Academic 
Achievement 
0.29*** 0.27*** 0.21*** 0.18*** 1 vs. 2 p<0.001 
1 vs. 3 p<0.001 
1 vs. 4 p<0.001 
2 vs. 3 p<0.001 
2 vs. 4 p<0.001 
3 vs. 4 p<0.001 




In order to identify the potential relationship between the four “student health-risk 
behavior profiles” and academic achievement, means were calculated for the distal outcome (see 
Table 8). Results showed 29.1% of students whose grades were mostly C’s, D’s, and F’s were 
likely to be found within the Level 1 TMSN group, 18.4% of students whose grades were mostly 
C’s, D’s, and F’s were likely to be found within the Level 4 LSN group, 26.6% of students 
whose grades were mostly C’s, D’s, and F’s were likely to be found within the Level 2 SPSN 
group, and 21.2% of students whose grades were mostly C’s, D’s, and F’s were likely to be 
found in the Level 3 CMBN group. As the Level 4 LSN group had the lowest percentage of 
students whose grades were mostly C’s, D’s, and F’s, it may be inferred that students who 
demonstrate healthy behaviors perform academically better.   
Results for Research Question 3 
 
Table 9: Means and Odds Ratio for Covariates Using Class 3 (Level 3 CMBN) as the Reference 
Group (N=11,410) 
 Level 1 TMSN 
(6.2%) 
Level 2 SPSN 
(14.3%) 
Level 3 CMBN 
(12.8%) 




















Age  3.74 1.474* 3.98 1.694* 4.02  3.90 - 
Sex 0.27 0.467*** 0.54 0.681*** 0.36  0.37 - 
Grade 1.23  1.43  1.49 0.476* 1.36 - 
      0.384*   
Hispanic/L
atino 
0.20  0.23  0.23  0.18 - 
Race  4.24 0.540* 4.02 0.750* 4.09 0.526* 4.20 - 
    0.860*** 
0.782*** 
 0.692*   
Note: Significant tests are Pearson chi-square: *p<0.05, ***p<0.001 
 
In order to determine whether and/ or how the four “student health-risk behavior profiles” 
differed across demographic factors of age, sex, grade level, and ethnicity/race, covariates were 




(see Table 9). The Level 3 CMBN group was the last group in the latent class order and also was 
the reference category for analyses. Results show that for the Level 1 TMSN group, contextual 
factors such as age, sex, and race were significantly associated with group belonging, where 
students who were 12 years old or younger were 1.48 times more likely to be in this group. In 
addition, students who identified as female were 2.14 times less likely to be in this group as well 
as students who identified as white were 1.85 times less likely to be in this group. Similarly, for 
the Level 4 LSN group, age, sex, and race were significantly associated with group belonging. 
Students who were 12 years old or younger were 6.94 times more likely to belong in this group. 
Students who identified as female were 1.47 times less likely to be in this group. Students who 
identified as Asian were 1.33 times less likely to be in this group. Students who identified as 
Black or African American were 1.16 times less likely to be in this group. Students who 
identified as Hispanic or Latino as their race were 1.28 times less likely to be in this group. For 
the Level 2 SPSN group, grade and race were significantly associated with group belonging. 
Students who were in the 9th grade were 2.10 times less likely to be in this group. Students who 
were in the 10th grade were 2.60 times less likely to be in this group. Students who identified as 
white were 1.90 times less likely to be in this group. Students who identified as Hispanic/Latino 




















Multiple simultaneously existing, health-related problems (e.g., asthma, poor vision, 
physical inactivity, poor nutrition, depression, hearing or dental issues, physical and emotional 
abuse) play a major role among young people, especially urban minority youth. (Basch, 2011; 
Birch and Auld, 2019; Heckman, 2007; Kolbe, 2015). Furthermore, unaddressed health-related 
problems greatly limit students’ motivation and ability to learn (Basch, 2011; Michael et al., 
2015). This present dissertation study built upon existing school health research and secondary 
data aims to help key stakeholders develop more tailored school health related policies and/ 
programs to better support students.  In this chapter, I summarize the study’s key findings, 
present limitations of this work, and discuss implications for both research and practice. 
Summary of Key Findings 
The results from the latent class analysis (LCA) identified four significantly different 
groups of students with multiple health risk behaviors. This is consistent with previous studies 
that showed how healthy eating and physical activity were associated with higher self-reported 
letter grades, whereas sedentary, substance-use, sexual risk, violence-related, and suicide-related 
behaviors were associated with lower self-reported grades (Bradley & Greene, 2013; Busch et 
al., 2014; Michael et al., 2015; Rasberry et al., 2011; Rasberry et al., 2017).  
The results from the four-class LCA modeling, existing literature, and pilot study 
analyses helped answer my research questions. The first research question focused on whether 
there were different types of “student health-risk profiles” of multiple behaviors and the potential 
specific implications of these different profiles for schools to consider when meeting and 




profiles”: Level 1 TMSN, Level 2 SPSN, Level 3 CMBN, and Level 4 LSN. After having 
identified these “student health-risk behavior profiles”, schools can use these results to help 
prioritize key health-risk behaviors as they develop preventive, school-based health 
programming for their students.  
The second research question focused on the potential relationship between the “student 
health-risk profiles” and academic achievement. My results showed how the Level 4 LSN had 
the lowest percentage of students whose grades were mostly C’s, D’s, and F’s. Therefore, it may 
be inferred that students who demonstrate healthier behaviors perform academically better. The 
third question focused on whether there are differences across critical demographic factors such 
as age, sex, grade level, ethnicity, and race among “student health-risk profiles”. My results 
showed across the four “student health-risk profiles”, relationships with age, sex, grade level, 
ethnicity, and race varied. Furthermore, age, sex, grade level, race, and ethnicity were 
significantly associated with group belonging.  
This is an important study as it provides a more appropriate, person-centered statistical 
approach, LCA, in exploring and interpreting the 2019 national YRBS dataset. Cluster analyses 
can be utilized however it is not based on a statistical model, meaning that this approach will 
show how cases are clustered into groups, however, it does not provide information such as the 
probability that a given student is bullied or suicidal. Additionally, factor analysis can be used as 
well as it is a technique utilized for latent variables, where it calls for continuous and generally, 
normally distributed latent variables. However, the latent variables (e.g., school-related violence, 
physical activity, screen time, sleep), in this case, are categorical.  
This study’s findings are highly relevant and consistently fit with existing literature. 




health and academic achievement among high school students (Alfonsi et al., 2020; Marx et al., 
2017; Minges & Redeker, 2016; Thacher & Onyper, 2016). There are increasing efforts to create 
activity workstations or non-traditional desk spaces as a response to addressing sedentary 
behavior, low physical activity, and increased screen time among youth (Hunter; Huang, Zeng, 
& Ye, 2019; Leatherdale, & Carson, 2018; Maher et al., 2016; Pilcher et al., 2017). More 
recently, there has been an interest in school-based violence and their impacts on students’ health 
and well-being as well as academic performance (Abrahamyan et al., 2020; Benbenishty et al., 
2016; Burdick-Will, 2013; Larson et al., 2017; Lee, 2019; Rajan et al., 2020). Aligned with 
existing literature, my pilot study’s findings and this study’s findings advocate for a holistic 
discussion and signal a need for a collective, supportive plan to address potential health-risk 
behaviors and exposures that a child may experience and their impacts on academic, educational 
outcomes.  
Limitations 
 While this is a significant study, there are few limitations to address and consider for 
future research. 
Cross Sectional and Self-Reported Data 
 The 2019 national YRBS dataset reflects the health-risk behavior experiences and/ or 
exposures of students at one specific point in time. While correlations can be found, casual 
relationships cannot be determined. Furthermore, the 2019 national YRBS dataset is comprised 
of all self-reported data, which is subjected to potential biases, such as social desirability bias 
and recall bias. Students are asked questions on private and/ or sensitive health-related topics 
e.g., weight, height, sexual orientation, exposure to school-violence, suicide ideation, alcohol 




surveys, students may feel anonymity and confidentiality cannot be guaranteed. This may 
encourage social desirability or approval (Althubaiti, 2016; Levin-Aspenson and Watson, 2018; 
Warner et al., 2011). There are several flaws when it comes to memory: transience, absent-
mindedness, blocking, misattribution, suggestibility, bias, and persistence (Schacter, 1999). A 
majority of the survey questions ask students to recall their behavioral experiences and/ or 
exposures from a span of seven days to thirty days.  
Data Collection 
There are assumptions and limitations around data collection. YBRS surveys are based 
on representative samples of schools but rely on convenience sampling of classes within schools. 
As the survey is conducted in a designated period at school, the principals at the school may 
choose a class period time where there are more students available to complete the survey and 
who are thought to be representative of the larger student population. However, it may be 
convenience sampling as principals may chose periods, where gathering and selecting students to 
complete the YBRS survey is more accessible. Similarly, principals may choose to conduct the 
surveys during times where it is easier for certain teachers to help administer and collect the 
surveys.  
There are inconsistent approaches in survey administration and collection. For example, 
schools in New York can administer surveys in the morning whereas neighboring states may 
administer the surveys in the afternoon. Varying times might influence sampling, data collection, 
response rates and response bias. In addition, there is no training for survey monitoring provided. 
There is an overview checklist of how surveys are to be administered and collected however if 
this is the first time for school’s staff members, without training, there may be more of a chance 




have more time to complete their surveys. An issue is that the length of time for completing the 
survey is not always enforced.  
Race and racial identities are social constructs that are not universal or universally 
understood (Omi & Winant, 1994). A major limitation is the dearth of clarity, instruction, and 
examples for students to refer to when answering questions for race and ethnicity identification.  
Missing Data 
In comparison to previous years’ datasets, 2015 and 2017, there were fewer student 
responses. According to the 2015 national YRBS Data User Guide, after data editing and 
cleaning, there were 15,624 eligible student responses from 125 schools for analysis (CDC, 
2016). For the 2019 national YRBS dataset, there were 13,677 eligible student responses from 
136 schools (CDC, 2020). Due to missing data, not all 99 indicator variables were used for LCA. 
In order to conduct LCA, only complete cases can be used, which refers to students who had no 
missing data in any of the 99 indicator variables. Therefore, if all variables were used then 
removing missing data from all variables would result in a sample size of 4,287 students, which 
would not be a generalizable sample.  In order to preserve the largest sample size possible, 
driven by existing literature and reviewing analyzes from my pilot study of the 2015 national 
YRBS dataset, a total of ten indicator variables were chosen for a sample size of 11,410 student 
responses. As missing data was an issue, the following indicator variables were not included in 
this study: breakfast consumption, water intake, sugar sweetened beverage consumption, 
physical education class attendance, and more indicators for physical activity. These indicator 
variables have been included in the pilot study of national 2015 and 2017 YRBS data as there 




Multiple imputation was not used to account for missing data as it was unclear whether 
data was missing completely at random (MCAR), missing at random (MAR), or missing not at 
random (MNAR). Furthermore, based on the observed data, MAR and MNAR conditions could 
not be distinguished and there were missing data for all dependent variables and outcome 
variable (Dziura et al., 2013; Garson, 2015; Sterne et al., 2009). Similarly, the CDC (2020) did 
not use single or multiple imputation for missing data (CDC, 2020).  
Survey Instrument 
 According to the U.S. Department of Education (2020), school districts utilized standard 
procedures to identify potential Limited English Proficiency (LEP) or English Learner (EL) 
students. If students are identified as LEP/EL then LEP/EL students are entitled to language 
assistant services to equally participate with their peers (U.S. Department of Education, 2020). 
YRBS surveys are only available in English as the surveys are designed to be distributed and 
complete in a school setting (CDC, 2021). This is a limitation as it does not allow for LEP/EL 
students also known as EL students to confidently understand and complete the survey. 
 Traditionally, the YRBS is a paper-based survey instrument. However, given the 
immediate and long-term impacts of the COVID-19 pandemic on schools and their communities, 
paper-based surveys may not be the best approach for future data collection. The CDC ought to 
look into web-based surveys and/ or other web-based or hybrid options in order to inclusively 
gather accurate data from students. 
Implications for Future Research 
Albeit these limitations, the results of this study nonetheless contribute to critical and 
ongoing discussions about how to best support student learning by looking at multiple co-




previous research assessed behaviors separately or singularly and how each behavior’s potential 
relationship with academic achievement (Bradley & Greene, 2013; Busch et al., 2014; Kann et 
al., 2015; Kann et al., 2018; Michael et al., 2015; Rasberry et al., 2011; Rasberry et al., 2017) or 
in smaller clusters of behaviors without direct focus on exploring impacts on academic 
achievement (Coleman et al., 2014; Costello et al,  2003; Lewallen et al., 2015; Ruggles & 
Rajan, 2014; Parker et al., 2019; Underwood et al., 2020). This study is one of the growing 
number of studies (Basch, 2010; Burns et al., 2018; Faught et al., 2017; Hysing et al., 2016; Kim 
et al., 2019) to describe the connection between students’ health and academic outcomes. It is 
important to note that these studies were conducted internationally, Norway (Hysing et al., 
2016), South Korea (Kim et al., 2019) and/or utilized a small sample size of less than 5,000 
students (Coleman et al., 2014; Faught et al., 2017). This is the first time, using a nationally 
represented dataset of students in the United States, LCA has been conducted to explore and 
identify the typology of students’ health risk behaviors and their connections to academic 
achievement and contextual factors. My pilot study findings on the 2015 national YRBS dataset 
provided suggestive results where students were either engaged and/ or exposed to the following 
health-risk behaviors: violence related behaviors: bullying and depression, less sleep, more 
screen time, low physical activity, high sugar sweetened beverage consumption, low breakfast 
intake, and low water consumption. My study on the 2019 national YRBS dataset indicated 
students were either engaged and/ or exposed to similar health-risk behaviors with the inclusion 
of school-related behavior: suicide, ever seriously consider attempting suicide and made a 
suicide plan. A future research opportunity could entail examining the synergistic, additive 




Other example of future research that would build upon the present findings include 
conducting Year over Year (YoY) and/ or times series analyses to detect trends of students’ 
health-risk behavior profiles over time. By reviewing comparing student health-risk behavior 
profiles across years, this may help inform which items to keep, remove, and update items for 
future surveys. Additionally, longitudinal approaches will provide opportunities to determine 
causation. For example, compared to the Level 2 SPSN group, the Level 3 CMBN group showed 
very low activity violence-related behaviors: suicide but had very similar activity around 
physical activity, screen time, and sleep. It would be interesting to conduct further research to 
explore what other variables are impacting their physical activity, screen time usage, and sleep 
duration among the Level 3 CMBN group.  
Implications for Practice 
This study is a part of a growing number of studies (USDA, 2017; UNESCO, 2016; 
Wang et al., 2015; Wei et al., 2019; Zajacova & Lawrence, 2018) that aim to identify and create 
meaningful school programs to best, comprehensively meet the students’ health and well-being 
needs.  
One example of how specific policies and/ or programs and can support these efforts is 
The Every Student Succeeds Act (ESSA). In 2015, the Obama Administration signed The Every 
Student Succeeds Act (ESSA), where under the Every Student Success Act (ESSA), each state in 
the United States is required to create and share plans on how K-12 schools and districts will 
meet state’s education goals. (U.S. Department of Education, 2020) One of the main goals of 
ESSA is to support student’s social-emotional, physical, and mental health. ESSA calls for plans 
that address the following but not limited to state accountability systems, school improvement, 




goal. For state accountability systems, metrics of school quality such as school climate and safety 
are strongly recommended to include in the ESSA plan. Additionally, for school improvement, it 
is highly suggested for plans to include proposed opportunities that ensure students will learn in 
healthy, safe, and supportive environments as well as assessments that demonstrate 
understanding of leading health issues that negatively impact students. As education funding is 
limited, through ESSA, funds can be applied for professional development programming such as 
school staff trainings to identify and address students’ behavioral and mental health needs. The 
findings of my study will help provide guidance and additional information to leverage existing 
and new state ESSA plans. My findings showed 10 different health-risk behaviors (e.g., school-
related violence: school safety; school-related violence: bullying; school-related violence: 
suicide; physical activity; screen time; sleep.) that should be concurrently considered when 
creating school programming in order to best support students’ health and well-being. Therefore, 
by having a recommended list to start with and expand on will be instrumental to school 
administrators, teachers, and staff who are overwhelmingly responsible for creating a 
multifaceted, conducive learning environment for students and, often times, their guardians. In 
addition, my study’s student health-risk profiles will serve as examples when schools and 
districts are creating ESSA plans and applying for additional funding that supports student health 
and wellness. 
Another possible collaboration between health and education sectors in U.S. high schools 
(grade 9-12) may look like adapting the community school or coordinated school health model, 
where these provide access to “school-based health centers, nutrition education, family mental 
health counseling, violence prevention, and sexuality education” (Diamond & Freudenburg, 




Additionally, schools can partner with local hospitals or health care systems as well as colleges 
or universities to create School-Based Health Centers (SBHC) as a way to increase access to care 
and service, which will ultimately enhance student academic and health outcomes (Corbin et al., 
2018; NACDD, 2016; Suldo et al., 2013; Whitaker et al., 2019). Schools serve as a perfect 
setting for this type of collaboration due to high level of contact as well as opportunities for 
information exchange through peer social interactions (CDC, 2018; Institute of Medicine, 2015). 
Following the practices and proposals provided from these studies and with the results of 
this study, it is recommended for schools to identify the highest priority area of support needed 
in their respective schools, reassess the school budget, and build partnerships with their local 
community board organizations (CBO) to develop a coordinated, school-health plan. From an 
intervention perspective, for each group, this may look relatively similar and yet quite distinct 
from one another. Table 10 provides general recommendations for each of the student health-risk 
behavior profiles. For school implications of this study’s findings, ideally, school leaders should 
prioritize the Level 1 TMSN group as these students need more the most support across all 
health-risk behaviors. However, understanding that there are time and financial constraints, out 
of the four groups, school leaders should prioritize Level 2 SPSN as these groups of students 
expressed moderate proportion of experiencing sadness and hopelessness and the highest 









Table 10: General Recommendations for the Four Student Health-Risk Behavior Profiles 
Student Health-Risk 




Level 1 TMSN 
Students who need 
the most support in 
all areas. 
• Partner with local health agencies and/ or academic institutions 
in higher education to create a school-based health center. 
• Hire full-time school physician and nurse.  
• Hire or recruit healthcare students in medical school, social 
work, dental school, public health, etc.  
• Hire Community Health Workers (CHW). 
Level 2 SPSN 
Students who need 
the most support in 
suicide prevention  
• Offer routine suicide awareness and prevention training to all 
school administration, staff, and students.  
• Hire school social workers and allied mental health 
professionals. 
• Establish and practice crisis response protocols for school 
administration, staff, and students.  
• Provide training and tools to help students cope with losses 
and stresses related to the pandemic and other racial traumas. 
Level 3 CMBN 
Students who need 
the most support in 
coping mechanisms 
for bullying and 
cyberbullying 
• Provide mental-health related professional development 
opportunities for all school administration and staff.  
• Provide anti-bullying and bystander training for parents and 
students.  
• Partner and/ or contract with organizations specializing in anti-
bullying and anti-cyberbullying work.  
• Hire school counselors.  
Level 4 LSN 
Students who need 
the least support in 
all areas.  
• Maintain existing school health programming and resources.  
• Continue to provide school health-related professional 
development opportunities for all school administration and 
staff.  
 
Another recommendation for schools, specifically school leadership teams and 
administration to establish a strong school culture for health and wellness. This can happen by 
taking action in requiring wellness policies as a part of the overall school policy. These wellness 
policies need to expand from only discussing nutrition such as breakfast and lunch policies. 




be mandatory to include in these wellness policies. This study’s findings provide rationale and 
scenarios for school leaders to review and adapt into their schools’ wellness policies.  
Minority students experience challenges and barriers in their educational pathway due to 
their racial and ethnic identities (Gandara & Contreras, 2009; Yosso, 2006). Therefore, 
adolescent health behavior and school health research studies and literature can begin to include 
racial, cultural, and social context to understand and meet students’ where they are. Recent 
literature support multi-level approaches in schools to meet and support students’ health and 
well-being needs, especially those who are minority-identifying students. For example, Rajan et. 
al (2021) found a significant relationship between exposure to school-based violence and suicidal 
behaviors among a nationally representative sample of Asian American and Pacific Islander 
adolescents using the 2017 national YRBS dataset.  
Prior to the COVID-19 pandemic, systemic racism, health disparities, and inequities in 
regard to access to school health resources have been ongoing, interrelated issues (Sanders, 
2020). Given the COVID-19 pandemic and its continued, long-term impacts, existing health-risk 
behaviors and health-related issues will be exacerbated, especially for minority-identifying 
students (Dorn et al., 2020; Dorn, Cooney & Sabin, 2020). These health-risk behaviors and 
health-related issues are going to worsen due to heighten traumatic experiences from the 
COVID-19 pandemic, disruptions experienced from transitioning away from traditional 
classroom settings, and having very limited access to school support health teams who are 
usually available at school such as social workers, nurses, paraprofessionals, guidance 
counselors, and occupational therapists. In addition, minority-identifying students often times 
hold multiple roles and responsibilities outside of their roles as students. Therefore, by students 




experience more emotional burden and stress from their families (Boyraz & Legros, 2020; 
Umberson et al., 2017), which may cause more mental health issues as seen in this study’s 
findings (e.g., Level 1 TMSN, Level 2 SPSN and Level 3 CMBN).   
Health and education affect individuals, society, and the economy, where stakeholders 
from these sectors must work together whenever possible to reduce inequities in health and 
learning outcomes and promote well-being in all communities across the U.S. (VCU, 2014; 
Zimmerman & Wolf, 2014). Schools are one of the largest systems for reaching children and 
youth to provide health services and programs (Basch, 2010; Eitland et al., 2017; Jones et al., 
2015; Kolbe, 2015; Wang et al., 2014). Strategic integration of interrelated health services and 
prevention programs into the daily life of schools and students represents a dynamic tool for 
improving learning and development outcomes (Birch & Auld, 2019; Darling-Hammond et al., 
2020; Zimmerman & Woolf, 2014). To improve each student's cognitive, physical, social, and 
emotional development, it is imperative to take a comprehensive and iterative process, which 
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APPENDIX A – Descriptive Statistics 
 
Table 1. Descriptive Statistics of Indicator Variables for Student Health-risk Behaviors and 












YRBS 2015 Variable  
Did not attend school because  
student felt unsafe at school 
 
0 1 0.01 0.120 Q16; 0= 3 days or less, 1 
= more than 3 days 
Physical Fight on School Property 0 1 0.01 0.098 Q20; 0= 5 times or less, 
1= more than 5 times 
Bullied on school property 0 1 0.19 0.393 Q24; 0=No, 1=Yes 
Electronically bullied 0 1 0.15 0.354 Q25; 0=No, 1=Yes 
Felt sad or hopeless almost every day 
for two weeks or more in a row 
0 1 0.31 0.462 Q26; 0=No, 1=Yes 
Drank soda or pop in the past 7 days 0 1 0.76 0.430 Q77; 0=No, 1=at least 1 
day 
Ate breakfast in the past 7 days 0 1 0.56 0.496 Q79; 0= 3 days or less, 1 
= more than 3 days 
Physically Active for at least 60 
minutes a day 
0 1 0.27 0.442 Q80; 0=No, 1=at least 1 
day 
Watched more than 2 hours of TV 
during a school day 
0 1 0.43 0.495 Q81; 0 = 2 hours or less, 1 
= more than 2 hours 
Played video or computer games or 
use the CPU for non school work for 
more than 2 hours on a school day 
0 1 0.45 0.498 Q82; 0 = 2 hours or less, 1 
= more than 2 hours 
Attended more than 2 days of PE in 
the past 7 days 
0 1 0.57 0.495 Q83; 0= 2 days or less, 1 
= more than 2 days 
Drank sports drinks in the past 7 days 0 1 0.60 0.490 Q92; 0=No, 1=at least 1 
day 
Drank bottle or glass of plain water in 
the past 7 days 
0 1 0.96 0.186 Q93; 0=No, 1=at least 1 
day 
Slept 7 hours or more on a school 
night 
0 1 0.28 0.450 Q880 = 7 hours or less,  
1 = more than 7 hours 
 
 
Table 2. Descriptive Statistics of Covariates for Student Health-risk Behaviors and Academic 
Achievement (N=15,623) 
 Min Max Mean SD YRBS 2015 Variable 
Variable       
Age 0 1 0.643 0.479 Q1; 0=15 years old or younger; 
1=more than 15 years old 
Sex 0 1 0.499 0.500 Q2; 0=Female, 1=Male 
Grade Level  0 1 0.667 0.471 Q3; 0 =9th and 10th grade; 1=11th and 
12th grade 
Hispanic/Latino 0 1 0.488 0.500 Q4; 0=Yes, 1=No 







Table 3. Descriptive Statistics of Distal Outcome for Student Health-risk Behaviors and 
Academic Achievement (N=15,623) 
 Min  Max Mean   SD    YRBS 2015 Variable 
Variable       
Academic 
Achievement 






























































APPENDIX C – Fit Statistics and Model Selection 
 
Table 4. Pilot Latent Class Analysis Results and Fit Statistics for Students Health-risk Behaviors 






















Two Classes 198587.172 198809.210 101579.761 4598.603 0.000 0.739 
Three Classes 195513.353 196950.239 99264.586 1990.080 0.000 0.593 
Four Classes 195914.950 196366.683 98262.676 723.408 0.000 0.592 
Five Classes 195546.114 196112.695 97898.475 396.101 0.000 0.561 
Note: AIC = Akaike information criteria; BIC = Bayesian information criteria; LMR = Lo-Mendell-Rubin 
adjusted ratio test  
 
 
Table 5. Average Latent Class Probabilities for Most Likely Latent Class Membership (Row) by 
Latent Class (Column)  
 Class 1 Class 2 Class 3 
Class 1  0.849 0.088 0.063 
Class 2 0.045 0.803 0.152 






























APPENDIX D – Proportions by Item and Subgroup 
 


















Violence Related Behavior     
Did not attend school because student felt unsafe at 
school 
0.058 0.007 0.005 
Physical Fight on School Property 0.034 0.005 0.005 
Bullied on school property 0.761 0.078 0.079 
Electronically bullied 0.710 0.042 0.029 
Felt sad or hopeless almost every day for two weeks 
or more in a row 
0.705 0.319 0.161 
Sugar Sweetened Beverages     
Drank soda or pop during the past 7 days 0.793 0.751 0.746 
Drank Sports drink during the past 7 days 0.586 0.459 0.707 
Breakfast Consumption    
Ate breakfast in the past 7 days 0.486 0.441 0.704 
Physical Activity     
Physically active for at least 60 minutes a day 0.544 0.192 0.866 
Attended PE classes at least 2 days 0.457 0.257 0.611 
Screentime    
Played video or computer games or use the CPU for 
non school work for more than 2 hours on a school 
day 
0.529 0.48 0.355 
Watched more than 2 hours of TV during a school 
day 
0.28 0.279 0.25 
Water Consumption    
Drank bottle or glass of plain water 0.961 0.93 0.99 
Sleep    



















APPENDIX E – Dot and Line Plot of Indicator Variables by Subgroup 
 
 
























APPENDIX F – Means and Odds Ratio for Covariates and Distal Outcome Included in the 
pilot LCA Model 
 
 
Table 7. Means and Odds Ratio for Covariates Using Class 3 (Balancers) as the Reference 
Group (N=15,623) 




















Age  0.597  0.699 0.207*** 0.616 - 
Sex 0.392 0.777*** 0.436 0.595*** 0.583 - 
Grade 0.432  0.553 0.248*** 0.458 - 
Hispanic/Latino 0.723 0.293*** 0.637 0.200*** 0.670 - 
Race  0.091 0.272*** 0.136 0.369*** 0.107 - 
Note: Significant tests are Pearson chi-square: ***p<0.001 
 
 
Table 8. Means for Distal Outcome (N=15,623) 








Variable      
Academic 
Achievement 
0.372** 0.339** 0.245** 1 vs. 2 p<0.05 
1 vs. 3 p<0.001 
2 vs. 3 p<0.001 
















































APPENDIX H – Mplus Code 
 
 
 
 
 
 
 
 
